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Abstract of thesis

Knowledge of the distribution of fitness effects of new mutations (DFE) can enable
us to quantify the amount of genetic change between species that is driven by natural
selection and contributes to adaptive evolution. The primary focus of this thesis is the
study of methods to infer the DFE and the study of adaptive evolution in the house
mouse subspecies Mus musculus castaneus.

Firstly, I extended previous methodology to model the DFE based on
polymorphism data. Methods that have previously been used to infer the DFE from
polymorphism data have relied on the assumption of a unimodal distribution. I
developed new models that can be used to fit DFEs of arbitrary complexity, and
found that multimodality can be detected by these models given enough data. I used
these new models to analyse polymorphism data from Drosophila melanogaster and
M. m. castaneus, and found evidence for a unimodal DFE for D. melanogaster and a
bimodal DFE for M. m. castaneus.

Secondly, I investigated the contribution of change in coding and non-coding
DNA to evolutionary adaptation. I used a polymorphism dataset of ~80 loci from M.
m. castaneus sequenced in 15 individuals to investigate selection in protein-coding
genes and putatively regulatory DNA close to these genes. I found that, although
protein-coding genes are much more selectively constrained than non-coding DNA,
they experience similar rates of adaptive substitution. These results suggest that

change in functional non-coding DNA sequences might be as important as

X



protein-coding genes to evolutionary adaptation.

Thirdly, I used whole genome data from 10 M. m. castaneus individuals to
compare the rate of adaptive substitution in autosomal and X-linked genes. I found
that, on average, X-linked genes have a 1.8 times faster rate of adaptive substitution
than autosomal genes. I also found that faster-X evolution is more pronounced for
male-specific genes. [ used previously developed theory to show that these
observations can be explained if new advantageous mutations are recessive, with an
average dominance coefficient less than or equal to 0.25. These results can help to
explain the long-studied phenomenon of the large effect of the X chromosome in

speciation.



Chapter 1. General Introduction

In the general introduction I will firstly outline some basic principles of population
genetics that are necessary for understanding the research presented in the thesis.
Secondly, I will present the basic methodology to detect natural selection from
comparison of DNA sequences. Thirdly, I will present the basic research subjects that

have motivated the original research presented in the thesis.

1.1 Basic Principles.

Different forms of genes in a population are called alleles. Evolutionary forces
change allele frequencies over time. These forces are mutation, gene flow, random
genetic drift and natural selection. If no evolutionary forces act in a population, allele
frequencies remain constant over time (Hardy-Weinberg principle). I briefly outline
below the four evolutionary forces and their effect on allele frequency change and
the maintenance of variation. I also describe some important concepts in population
genetics such as the effective population size and the fixation probability of

mutations.

Mutation. The total amount of hereditary information of an organism
constitutes its genome and is stored in the deoxyribonucleic acid (DNA) as a
sequence of four types of nucleotides: adenine (A), thymine (T), cytosine (C) and

guanine (G). Adenine and guanine are purines, and thymine and cytosine are
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pyrimidines.

Mutation is a heritable change in the sequence of DNA. Mutations can arise
spontaneously, by errors of enzymes that process DNA (e.g. sequence repair or
replication enzymes) or by physical or chemical mutagens (e.g. ultraviolet radiation).
There are large-scale mutations that can affect whole chromosomes (e.g. inversions)
and small scale mutations that affect small genomic segments (e.g. indels) or single
nucleotides (i.e. point mutations). In this thesis, all references to mutations are for
point mutations, unless otherwise stated. Point mutations cause the replacement of a
single nucleotide base pair and can be either transitions (purine to purine or
pyrimidine to pyrimidine), or transversions (purine to pyrimidine and vice versa).
The rate at which mutations appear can vary between different regions of the genome
and between species. For example, the mutation rate per generation at methylated
CpG sites in mammals is ~10 times higher than non-CpG sites (Arndt et al. 2003)
and humans have a ~10-fold higher mutation rate per generation than Drosophila
melanogaster (Haag-Liautard et al. 2007; Keightley 2012).

Mutation generates new alleles of genes in populations and is the ultimate
source of genetic variation. However, mutation is a very slow process in changing
allele frequencies because the mutation rate per generation (u) is very small for most
organisms (Charlesworth and Charlesworth 2010). Assuming a locus with two
alleles, 4 and a, with frequencies p and ¢, the forward mutation rate (4 to @) is x and
the backward mutation rate (a to 4) is v. In the absence of other evolutionary forces,

and after a number of generations, an equilibrium is reached where p=v/(u+v) and

q=u/(utv).
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Gene flow. Gene flow refers to the movement of alleles between populations.
Gene flow occurs when individuals from one population migrate to breed with
individuals of another population of the same species. In this thesis, I will not
consider the effect of gene flow on allele frequency change since I will be studying

evolution in single, non-subdivided populations.

Random genetic drift and effective population size. Random genetic drift
is the process of change in allele frequency due to random sampling between
generations in finite populations. Through genetic drift, the frequency of alleles
fluctuates randomly over time, which can eventually lead to their loss or their
fixation (i.e. obtain a frequency of 0 or 1, respectively). Therefore, genetic drift
causes the passive loss of genetic variability over time.

Wright and Fisher modelled random genetic drift as binomial sampling
between successive non-overlapping generations (Fisher 1930; Wright 1931).
Assuming a locus with two alleles, 4 and a, with frequencies p and g, respectively, in
a diploid population of size N, the probability that a sample of 2NV gametes contains j

alleles of type A can be calculated by the binomial distribution as:

J 2N-j

r'q (1.1)

P(j,-zzv,m:(z]N

One way to predict allele frequency change between generations that is
caused by random genetic drift is to use equation 1.1 to build a transition probability

matrix M, where M describes the probability of transitioning from any state i with
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allele frequency i/2N (i=0..2N) to any state j with allele frequency j/2N (j=0..2N). By
setting up a vector that describes the initial allele frequency distribution and by
performing matrix multiplication we can obtain the allele frequency distribution at
any generation. An alternative way to describe allele frequency change due to
random genetic drift is to use the diffusion theory approximation (Fisher 1930;
Ewens 1979; Kimura 1985).

The effective population size (N,) is a central concept in population genetics
and can be used to approximate the rate of random genetic drift. V., is the number of
breeding individuals in an idealised population that experiences the same amount of
random genetic drift as the focal population (Wright 1931). N, is usually smaller than
the census size of a population (). For example, if the population consists of many
more females than males, AV, is closer to the number of males rather than the sum of
males and females. This is because half of the alleles must come from either males or
females. Moreover, N, may be much smaller than A, if the population has
experienced size changes in the past. For example, although the current human
population size is ~7 billion, its N, has been estimated to be ~10,000-20,000 (Yu et
al. 2004). This is because human populations had historically much smaller size than
the present and they may have also experienced frequent and severe bottlenecks. An
estimate of the historical N. for a population can be obtained from the pairwise
nucleotide diversity (7) at loci that evolve neutrally and x. Assuming that the
population has not experienced any recent population size changes and that there is

no population subdivision, we can calculate N, by using the following equation:
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N = el (1.2)
4y
(Charlesworth 2009).

Natural selection. Individuals that carry different alleles can differ in their
ability to survive and reproduce (i.e. they have different fitnesses). Natural selection
is the process where alleles change in frequency due to the differential reproduction
of their bearers. Natural selection is the only known evolutionary force which can
lead to the adaptation of a population to its environment.

There are many types of natural selection. In this thesis I mainly study directional
selection, which occurs when one homozygote for one of the alleles segregating in
the population has the highest fitness. For a simple case of a locus with two alleles,
the intensity of selection, or equivalently the selection coefficient, s, is equal to the
difference in fitness between the homozygotes for the alternative alleles.

Directional selection leads either to the purging of deleterious alleles
(purifying selection) or the fixation of advantageous alleles (positive selection) in the
population. Directional selection causes the active loss of genetic variability over
time. It should be noted, however, that selection does not always lead to loss of
genetic variability. Balancing selection is a type of selection that actively maintains
genetic variability and can manifest with several mechanisms. One such mechanism

is heterozygote advantage, i.e. when individuals with heterozygous genotypes have

higher fitness than individuals with homozygous genotypes.

Fixation probability of a new mutation, substitution and evolutionary
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rate. Given sufficient time, a mutation will either be fixed or lost from the
population. We can calculate the fixation probability () of a mutation given its initial
frequency (p), the effective population size (N.) and the strength of selection (s) as

follows:

—2N,5
l—e 77

u= l_e—2NL,s (13)

(Fisher 1930; Kimura 1962). Note that equation 1.3 refers to weak selection (s<0.1).

We can consider some useful results that can be derived from equation 1.3. A
new mutation has a frequency 1/2N in a diploid population. If s =0 (i.e. the mutation
is neutral), its fate is entirely determined by random genetic drift, and u=1/2N. If s#0,
the fate of the mutation will be determined by drift and selection. The trajectory of
mutations with [s[>1/N, is deterministic: deleterious mutations never get fixed
(u—0) and advantageous mutations have u=2s (Haldane 1927; Kimura 1985). For
mutations with [s|<<1/N, ('nearly neutral'), selection and drift both affect u.
Therefore it is possible for mutations that are slightly deleterious to be fixed,
especially in populations with small N..

Mutations that are eventually fixed are called substitutions and contribute to
differences between populations. The substitution rate per nucleotide site per year 4

is proportional to N, u and u:

A=2N uu (1.4)
(Kimura 1985).

By using equation 1.4 and assuming that N=N., we can make simple predictions for

A. For neutral mutations (s=0), A=u. Therefore, 4 in genomic regions that receive only
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neutral mutations is independent of N.. Moderately and strongly deleterious

mutations ( s<—1/N, ), do not contribute to 4. Slightly deleterious mutations (with

—1/N ,<5<0 ) contribute to A at a lower rate than neutral mutations. For slightly
deleterious mutations, 4 is faster in populations with small N, and slower in
populations with large N.. For advantageous mutations, A=4N ,us , therefore 4 is

faster in populations with large N. and slower in populations with small V.. These
results are very useful for generating expectations to test with real data from
populations that differ in N, and for determining the contribution of neutral, slightly
deleterious and advantageous mutations in molecular evolution (see also section on

selectionist-neutralist controversy).

Genetic linkage and selection. The fate of a mutation can be affected by the
genetic background on which it arises. For example the spread of an advantageous
mutation might be retarded if it is genetically linked to a deleterious mutation. The
phenomenon of interference between genetically linked loci that are under selection
is known as Hill-Robertson interference (HRI) (Hill and Robertson 1966). Another
related phenomenon is genetic hitch-hiking where the change in frequency of an
allele is affected by selection on linked alleles. Positively selected alleles on their
way to fixation drag along neutral or even slightly deleterious alleles (selective
sweep; Smith and Haigh 1974). Correspondingly, neutral alleles that are linked to
deleterious alleles are removed from the population by selection (background

selection; Charlesworth et al. 1993).
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1.2 Detecting selection using DNA sequence data.

In this section I describe the basic principles of methods that can be used to detect
the footprint of natural selection from the analysis of DNA sequence data. I focus on

methods that were used to generate the original research presented in the thesis.

1.2.1 Comparison of between-species divergence.

The number of differences between homologous DNA sequences of two species (D)
over the total number of sites compared (n.s) can be used to calculate per site

divergence(d):

(1.5)

By calculating d using Equation 1.5 we ignore the possibility of multiple per-site
substitutions, which is likely when the compared species are evolutionarily distant.
We can take account of multiple substitutions by applying a correction to d as

follows:

(1.6)
(Jukes and Cantor 1969).

There are other methods that can correct for more factors that can bias estimation of
d, such as unequal frequencies of transition and transversion types of mutations
(Graur and Li 2000).

To test for selection, we compare d for a region that we assume is evolving

neutrally (the expected d; dr) with the observed d in the focal region (do). If the ratio
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doldy is significantly different from 1, then the focal region is likely to be under some
form of selection. When do/d<1 then the focal region, or part of it, is under
purifying selection. The fraction of sites in the focal region that are under purifying
selection (the so-called selective constraint C) can be quantified as 1-do/dg. In
contrast, when do/dg>1, the focal region is likely to have been the target of positive
selection.

Defining an appropriate 'neutral' class of sites to obtain dis critical, and there
are two main caveats when doing so. Firstly, the neutral class must have the same
mutation rate as the focal class. Secondly, we must have an a priori biological
expectation that mutations that occur in the neutral class are functionally equivalent.
Changes in synonymous sites of protein-coding genes do not result in changes in the
amino-acid sequence of the protein and therefore are expected to evolve neutrally.
For this reason, researchers who study the evolution of protein-coding genes usually
compare non-synonymous divergence (dy) to synonymous divergence (ds) to test for
selection. dy is frequently smaller than ds for most protein-coding genes and for a
variety of species (Graur and Li 2000). Protein-coding genes with dy>d are rare.
Such cases are mostly genes with reproductive (Swanson and Vacquier 2002) or
immunity function (Tanaka and Nei 1989), which presumably evolve very rapidly

due to sexual selection and host-parasite evolutionary arms races, respectively.

1.2.2 Comparison of nucleotide diversity.

Genetic variation is usually measured as nucleotide diversity at the DNA level. Given

a sample of n alleles from a population, nucleotide diversity (7) can be quantified as:
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n i—1
T=2), ) XX, (1.7)
i

where x; and x; are the frequencies of the i and j™ sequences in the population and 7;
is the number of differences between the i and /™ sequences (Nei and Li 1979).
Genomic regions that are under purifying selection are expected to display lower
diversity than neutrally evolving regions (Kimura 1985). Therefore, comparison of
nucleotide diversity of a focal genomic region with the diversity in a region assumed
to evolve neutrally can allow the detection of selection. For protein-coding genes,
diversity at nonsynonymous (zy) and synonymous sites (7s) is usually compared to
infer selection. In a similar fashion to the comparison of divergence, zy/7s < 1
signifies the action of purifying selection on the gene. my/zs can be a better statistic
than dy/ds for detecting purifying selection and quantifying selective constraint when
the gene under consideration is under both positive and negative selection. For
example, if part of a gene is undergoing very rapid adaptive evolution and another
part is under strong selective constraint, dy/ds might be close to 1, which suggests
falsely that the gene is neutrally evolving. In contrast, zy/zsis robust to the action of
positive selection because mutations that are under positive selection spend little time
segregating and they do not contribute substantially to polymorphism (Nei 1987).
However, my/7s can be greater than 1 if some form of balancing selection is acting on
the non-synonymous sites of the gene (Charlesworth 2006). Such cases are believed
to be rare, for example for the major histocompatibility complex family of genes

(MHC) in vertebrates (Piertney and Oliver 2005).
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1.2.3 Testing for positive selection: The McDonald and Kreitman

test.

The McDonald and Kreitman (MK) test can be used to test for non-neutral evolution
of a locus and to detect positive selection. The MK test is a comparison of between
species divergence and within species polymorphism at a focal class of sites (e.g.
nonsynonymous sites of protein-coding genes) versus a class of sites that is assumed
to be neutrally evolving (e.g. synonymous sites). To perform the test, we construct a
2X2 contingency table test with counts of polymorphic and divergent sites of the
focal and neutral classes of sites (Table 1.1). In this table, Py and Ps are the counts of
nonsynonymous and synonymous sites, respectively, with intraspecific differences
and Dy and Dy are the counts of nonsynonymous and synonymous sites, respectively,

with interspecific differences.

Table 1.1. The 2X2 contingency table of the McDonald and Kreitman test

(McDonald and Kreitman 1991). The null neutral hypothesis that is tested predicts

that P N/P SZDN/DS"
Site class Polymorphism Divergence
Nonsynonymous (selected) Py Dy
Synonymous (neutral) Py Dy

A significant excess of divergence relative to polymorphism at the focal class (i.e.

Dy/Ds>Py/Ps) is interpreted as evidence for positive selection. The MK test can be
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extended to estimate the proportion of substitutions that have been fixed by positive
selection (a):

DSPN
DyPs
(Fay et al. 2002; Smith and Eyre-Walker 2002).

a=1— (1.8)
As McDonald and Kreitman have noted in their original study, past
population size changes can generate a significant MK test in the absence of
selection. For example a>0 can be generated if the past N, was smaller than the
present N, (Eyre-Walker 2002). This works as follows: during a past period of small
N., slightly deleterious nonsynonymous mutations become fixed in the population.
These mutations do not segregate in the present population of larger ., because
selection is more efficient at removing them. Therefore they contribute to Dy but not
to Py, and o>0 even in the absence of adaptive substitutions. A strategy to minimise
this problem is to choose to study populations that are not likely to have experienced
severe and prolonged population size changes. Alternatively, one can use methods
that take account of the estimated demographic history of the population when
estimating a (Boyko et al. 2008; Eyre-Walker and Keightley 2009; Schneider et al.

2011).

1.2.4 Comparison of allele frequency spectra.

As discussed previously, new mutations introduce new alleles in populations. Let's
assume that only two alleles can segregate at a site. A new allele introduced by a

mutation (also called the derived allele) will be found initially at a low frequency in



Chapter 1. General Introduction 13

the population, but its frequency might change due to drift or selection and displace
the old allele that was previously fixed in the population (also called the ancestral
allele). The relative proportion of derived alleles over different allele-frequency
classes is called the allele frequency spectrum (AFS). If we know whether the
segregating alleles in our sample are derived or ancestral we can infer the so-called
unfolded AFS, otherwise we obtain the folded AFS. The inference of the
derived/ancestral state of an allele is usually done by doing a sequence comparison to
a closely related species (outgroup). Assuming that the compared outgroup sequence
is not polymorphic and using simple parsimony, we infer that the ancestral allele is
the one that is identical to the outgroup sequence. More sophisticated methodologies
exist for inferring the derived/ancestral state of alleles and the unfolded spectrum (for
example Hernandez et al. 2007).

The AFS obtained from a sample of individuals from the population can be
used to detect selection. By using population genetics theory, we can predict the
expected AFS under neutrality and compare it with the observed AFS. Selection can
distort the AFS in a variety of ways. For example, negative selection produces an
excess of rare variants and creates a more L-shaped AFS (Figure 1.1A). The signal of
negative selection can be detected in both unfolded and folded AFS (Figure 1.1A).
Positive selection produces an excess of high-frequency variants and a U-shaped
AFS (Figure 1.1B). The signal of positive selection might be detected in the unfolded
AFS, but is almost indistinguishable from neutrality in the folded AFS (Figure 1.1B).

Non-selective processes such as population size changes can distort the AFS

in a similar way to selection. For example, population expansion and population
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bottlenecks can produce an excess of rare variants similarly to negative selection
(Figure 1.2A and Figure 1.2B respectively). Moreover, population contraction can
produce a deficiency of rare variants similarly to positive selection (Figure 1.2A). To
distinguish demographic effects from selection, we can compare the AFS for sites
that we expect to evolve neutrally, such as synonymous sites, to the AFS from the
focal sites.

A useful statistic to summarise the skew in the AFS is Tajima's D (Tajima
1989). The Tajima's D statistic is calculated by taking the difference between the
observed pairwise diversity () and the expected diversity under Wright-Fisher
equilibrium (Watterson's #). A Tajima's D value of zero indicates no deviation from
expectation. Negative values of Tajima's D indicate a positively skewed AFS, and are
usually interpreted to be the result of negative selection or population expansion
(Nielsen 2005; Charlesworth and Charlesworth 2010). Positive values of Tajima's D
indicate an excess of intermediate frequency variants and are usually interpreted as
suggesting balancing selection or population size contraction (Nielsen 2005;

Charlesworth and Charlesworth 2010).
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Figure 1.1. The expectation for the unfolded and folded allele frequency spectrum
(left and right panels, respectively) when assuming (A) negative and (B) positive
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size N>=10, 100 generations ago, and subsequently recovers to size 100 either 95
(short-lasting bottleneck) or 10 generations ago (short and long-lasting bottleneck,

respectively).
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1.3 State of research

I describe here the central research subjects that motivated the original research that
is presented in the thesis. I begin by describing the debate on whether species
differences at the molecular level are shaped by neutral or adaptive evolution. 1
continue by describing the research problem of inferring the distribution of fitness
effects of new mutations. I then introduce the problem of locating which loci,
protein-coding or non-coding, contribute mostly to adaptive evolution. Finally |
conclude by presenting a central research question in genetics concerning the

importance of the X chromosome in speciation.

1.3.1 Neutral versus adaptive evolution: the neutralist-selectionist

controversy.

Origins of the controversy. In the middle of the 20" century, the neo-Darwinian
synthesis provided for the first time an integrated framework to explain evolution
(Dobzhansky 1937; Huxley 1942). Most evolutionary biologists during that time
emphasised natural selection as the major force driving divergence between species
(Mayr 1963; Simpson 1964). The prevailing view also held that variability in
populations is maintained by selection and that very few segregating alleles are
neutral (Mayr 1963). The first molecular data started to be collected in the 1960's and
some observations appeared to be inconsistent with the established selectionist view.
One such observation was that proteins appear to diverge at a constant rate per year

(Zuckerkandl and Pauling 1965). Since most species live in different environments



Chapter 1. General Introduction 18

and experience different selection pressures over time, a constant rate of molecular
evolution per year is not expected if divergence between species is driven only by
natural selection. Morecover, Haldane, one of the main workers of the neo-Darwinian
synthesis, had suggested that the cost of selection can impose limits on the rate of
molecular evolution (Haldane 1957). The observed rate of substitution in
protein-coding genes seemed to exceed that limit (Kimura 1968). These observations
led Kimura and Jukes and Cantor to independently suggest that most protein
substitutions are neutral (Kimura 1968; King and Jukes 1969). Kimura later
formalised this view as the neutral theory of molecular evolution (Kimura 1985).

According to the neutral theory, molecular divergence between species is
mainly due to the fixation of neutral mutations, since deleterious mutations are very
unlikely to be fixed and do not generally contribute much to sequence divergence
(Kimura 1968). Moreover, according to the neutral theory, most segregating
polymorphisms are neutral and constitute a phase of molecular evolution (Kimura
and Ohta 1971). The neutral theory was challenged on several grounds as soon as it
was proposed (Smith 1968; Richmond 1970) and was intensely debated for several
years (Hey 1999). Although some of the original arguments of Kimura were shown
to be wrong (most importantly the cost of selection argument; Smith 1968), the
neutral theory proved to be very useful as a null hypothesis for tests for selection
(Kreitman 1996). Moreover, the neutral theory was subsequently modified and
expanded to model mutations that have small fitness effects, i.e. 'nearly neutral'
mutations (Ohta 1973; Ohta 1992).

At the same time, alternative selectionist models were developed by Gillespie to
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explain the molecular observations that the neutral theory purportedly explains
(Gillespie 1991). Gillespie suggested that the molecular evolution of proteins is
driven by bursts of adaptive evolution after frequent episodes of environmental
change (Gillespie 1991).

Conceptual predictions of the rival theories (neutralist versus selectionist) can
be compared and tested. The main distinguishing difference between the two theories
concerns the contribution of adaptive substitutions to evolution. The neutral theory
posits that adaptive substitutions are rare (Kimura 1985), whereas the selectionist
theory posits that adaptive substitutions are common (Gillespie 1991). Another
critical difference is the expectation regarding the effects of selection on linked loci
(Hill-Robertson Interference and genetic hitchhiking) on the maintenance of genetic
variability. The neutral theory expects these effects to have a negligible influence on
patterns of genetic variability. In contrast, the selectionist theory expects these effects
to be the main factor driving the maintenance of genetic variability. The central
importance of linked selection on the selectionist theory is summarised by the
concept of 'genetic draft' where levels of genetic variability are determined mainly by
the rate of selective sweeps (A4) and the recombination rate (7) rather than the

mutation rate and N, (Gillespie 1999; Gillespie 2000).

Current state of the neutralist-selectionist controversy and research questions.
The application of neutrality tests (such as the McDonald-Kreitman (MK) test) have
revealed departures from neutrality for many genes and for many species (Kreitman

1996). However, the occasional departure from neutrality is not inconsistent with the
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neutral theory and recent research has focused on application of the MK test in
genome-wide surveys to directly estimate the fraction of substitutions that have been
fixed by positive selection (o). Estimates for a for amino-acid changes in
protein-coding genes are consistently greater than 30% in Drosophila melanogaster
(Begun et al. 2007; Shapiro et al. 2007; Mackay et al. 2012), but close to zero in
humans (Boyko et al. 2008; Eyre-Walker and Keightley 2009). These observations
appear to reject neutrality for D. melanogaster but not humans, which is hardly
sufficient to resolve the neutralist-selectionist controversy. It has been suggested that
humans might experience a slower rate of adaptive evolution than Drosophila
because of their ~80 times smaller N, (Eyre-Walker et al. 2006a; Eyre-Walker 2006;
Eyre-Walker and Keightley 2009). This explanation rests on the assumption that a
population with a small N, has a smaller input of adaptive mutations and also
experiences a stronger effect of genetic drift than a population with a large N.. A
current research subject is to investigate the relationship between a and N. in species
other than D. melanogaster and humans in order to elucidate the causes of the
variation of o between species (Eyre-Walker 2006).

Another issue of contention among neutralists and selectionists is whether
estimates of a using the MK approach can truly quantify adaptive substitution (Nei et
al. 2010). Biological scenarios such as past demographic changes can generate
genome-wide values of a that are significantly higher than 0 in the absence of
adaptive substitutions (Eyre-Walker 2002). Consequently, the evidence from MK
tests against the neutral theory has been challenged (Nei et al. 2010). A current

research focus is to address weaknesses of the MK test and create a more solid
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statistical foundation for its application (Eyre-Walker and Keightley 2009; Keightley

and Eyre-Walker 2012).

1.3.2 The distribution of fitness effects of mutations (DFE).

The fitness effects of mutations are generally classified into three categories: neutral,
deleterious and advantageous. Deleterious and advantageous mutations can have
weak or strong effects on fitness. The distribution of fitness effects (DFE) describes

the relative probability of sampling each type of effect.

Why knowing the DFE is important. There are several properties of the DFE that
are important for both basic and applied genetics research questions. Firstly, by
knowing the fraction of mutations that are deleterious (f;) we can calculate the
deleterious mutation rate per genome and per generation (U) (Kondrashov and Crow
1993; Eyre-Walker and Keightley 1999). Knowing U for a variety of species can help
to understand the evolution and maintenance of sex (Kondrashov 1988) and to
explain the evolution of haploid and diploid genetic systems (Kondrashov and Crow
1991). Secondly, by knowing the fraction of mutations that are neutral and nearly
neutral, we can predict the contribution of advantageous mutations to molecular
evolution (McDonald and Kreitman 1991; Eyre-Walker and Keightley 2009).
Moreover, knowledge of the DFE is useful in many applied research subjects
(Eyre-Walker and Keightley 2007), for example in medicine for calculating the

health risk imposed by the accumulation of deleterious mutations (Crow 1997;
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Eyre-Walker and Keightley 1999), in animal breeding for predicting long-term
responses in selection experiments (Hill 1982), and in animal conservation for

assessing the risk of population extinction in natural populations (Lande 1994).

Methods to quantify the DFE. To quantify the DFE, both experimental and
population genetics approaches have been employed (Eyre-Walker and Keightley
2007). Experimental approaches usually involve the generation of mutation
accumulation (MA) lines. These lines are derived from an ancestral genetically
uniform line. The MA lines pass through many generations of accumulation of
spontaneous or chemically-induced mutations. At the end of the experiment, the
fitness of the MA lines is compared with the ancestral lines. Studies using the MA
technique have been conducted in many species, including RNA viruses, bacteria,
yeast, Caenorhabditis elegans and Drosophila melanogaster (Eyre-Walker and
Keightley 2007). Experimental approaches can reveal mutations with large effects on
fitness, but mutations with mild effects are largely undetected. For example an MA
study in C.elegans estimated that only 1-4% of mutations had effects that were
detectable in laboratory fitness assays (Davies et al. 1999).

Population genetic approaches can provide us with tools to quantify the DFE
of mutations with weak or mild effects on fitness. The most basic approach is to
compare the level of polymorphism or divergence of a genomic region to the neutral
expectation. For example, the genomic distribution of dy/ds or zn/zs could be
informative about the variation of selective pressures in the genome (Bustamante et

al. 2005; Nielsen 2005). Alternatively, we can use the full distribution of allele
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frequencies (AFV) for a set of genes or genomic regions. By using a model for the
DFE (e.g. a gamma distribution), we can predict the expected AFV given a set of
parameters. This model can then be fitted to AFVs from DNA sequence data to infer
the DFE by using maximum likelihood or Bayesian approaches (Williamson et al.
2005; Eyre-Walker et al. 2006a; Keightley and Eyre-Walker 2007; Boyko et al.

2008).

What we currently know about the DFE and research directions. Early studies
based on the MA technique have shown a large variation of the deleterious mutation
rate per genome and per generation (U) across species, being lowest in bacteria
(10, intermediate in eukaryotes such as C.elegans (10°-10?) and D. melanogaster
(102-10"), and highest in RNA viruses (>1) (Halligan and Keightley 2009). In MA
experiments the mutation rate («) and U are hard to tease apart, for example a high
estimate of U could be due to a high x or a high fraction of new mutations being
deleterious. Therefore, an interpretation of the variation in U across organisms
remained controversial until more recent technical progress allowed to directly
estimate 4 from the experiment and obtain more accurate estimates of U
(Haag-Liautard et al. 2007). These new studies have suggested that for diploid sexual
species, such as D. melanogaster and humans, U is likely to be higher than 1
(Halligan and Keightley 2009; Keightley 2012), a result that can provide an
explanation for the evolution and the maintenance of sex. This is because at this limit
(U=1) the advantages of sexual reproduction (e.g. more efficient purging of

deleterious mutations from the population) become larger than its disadvantages (e.g.
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two times lower number of breeding individuals).

Population genetic studies have shown that there is a large variation between
species in the amount of new amino-acid mutations that fall into the class of effective
neutrality, i.e. having an intensity of selection (/N,s) that is less than 1 (Table 1.1).
This variation has been explained in terms of N,, in accordance with neutral theory
predictions: species with large N, have a smaller fraction of nearly neutral mutations
than species with large N, (Table 1.1).

Regarding the shape of the DFE, results have been equivocal. Some MA
studies have supported a highly leptokurtic distribution, with large variation of
mutational effects, while others have supported a platykurtic distribution with most
mutations having roughly similar effects (Eyre-Walker and Keightley 2007; Halligan
and Keightley 2009). Results on the shape of the DFE from population genetic
studies have been clearer, supporting a strongly leptokurtic DFE with a shape
parameter that is less than 1 for several species (Eyre-Walker and Keightley 2007). It
has been suggested that the discrepancy between MA studies and population genetic
studies could be due to the DFE being complex and consisting of multiple modes
(Davies et al. 1999; Eyre-Walker and Keightley 2007; Halligan and Keightley 2009).
However, studies of complex DFE models that can take multimodal shapes are
currently lacking (Keightley and Eyre-Walker 2010). More importantly, we currently
don't know what biases in the estimation of important parameters of the DFE can

arise when unimodal distributions are used to model multimodal DFEs.



Chapter 1. General Introduction 25

Table 1.1. The proportion of amino-acid changing mutations assigned into three N.s categories for a variety of species. The estimates for

N.are from (Gossmann et al. 2012).

Nearly neutral ~ Mildly deleterious Strongly
) ) deleterious
Species group Species Dataset N,
(N,s 0-1) (N,s 1-10) (N 5 >10)
C. grandiflora Slotte et al. 2010 641,262 0.07 0.07 0.86
Flowering plants
A. thaliana Slotte et al. 2010 266,769 0.2 0.14 0.66
Flies D. melanogaster ~ Shapiro et al. 2007 822,351 0.06 0.07 0.87
House mouse Halligan et al. 2010 573,567 0.1 0.11 0.79
European rabbit  Carneiro et al. 2012 800,000 0.03 0.03 0.94
Mammals
Central chimpanzees Hvilsom et al. 2012 110,000 0.2 0.05 0.75

Humans Boyko et al. 2008 20,974 0.22 0.13 0.65
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1.3.3 Contribution of protein-coding versus regulatory change to

adaptive evolution.

A central objective in evolutionary biology is to understand what types of genetic
changes underlie phenotypic adaptations (Lewontin 1974). An enduring controversy
1s whether adaptive genetic change occurs more frequently within protein-coding
genes or within non-coding DNA (Hoekstra and Coyne 2007; Stern and Orgogozo
2008). In this section I briefly outline the origin of the controversy and approaches

that have been taken to resolve it.

Origin of the controversy. The functional role of non-coding DNA was first realised
with the discovery of non-coding regulatory elements in enteric bacteria that can
control the expression of genes in cis (Jacob and Monod 1961). Moreover, the
subsequent finding that very few genetic differences between human and
chimpanzees are within protein-coding genes suggested that the many morphological
differences between them may be due to changes within regulatory non-coding DNA
(King and Wilson 1975). These findings led to the idea that the basic functions of the
cell (e.g. biochemical pathways) may have evolved early in the evolution of life, and
are encoded in a basic tool-kit of structural genes (Jacob 1977), while more recent
phenotypic adaptations may mostly concern the control of the spatio-temporal
expression of structural genes, realised through changes in cis-regulatory non-coding
DNA (Jacob 1977). Inspired by these ideas, researchers working on the evolution of

development (‘evo-devo') have developed the hypothesis that most morphological
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adaptation is due to change in cis-regulatory elements rather than protein-coding
genes (the cis-regulatory hypothesis; Carroll 2005a; Carroll 2005b; Stern and
Orgogozo 2008). Cis-regulatory elements are posited to be less pleiotropically
constrained than protein-coding genes, allowing changes to occur without disrupting
their function, presumably by fine-tuning the expression of structural genes (Carroll
2005a; Carroll 2005b; Stern and Orgogozo 2008).

Other researchers have criticised many of the basic premises of the
cis-regulatory hypothesis (Hoekstra and Coyne 2007). The notion that protein-coding
genes do not differ greatly between humans and chimpanzees is not accurate: with
nonsynonymous site divergence of 0.2% and assuming that there are 20,000
protein-coding genes, each with ~1,000 non-synonymous sites on average, we obtain
a total of 40,000 amino-acid differences, which may be sufficient to explain the
observed phenotypic differences between humans and chimpanzees. Moreover, many
protein-coding genes perform regulatory roles (e.g. transcription factors). Therefore,
even if phenotypic change is often realised through mutations that alter the regulation
of gene expression, these mutations need not necessarily occur within non-coding
DNA. Finally, weaker pleiotropic constraints do not necessarily allow faster adaptive
evolution. If the selective coefficients for adaptive mutations in non-coding DNA are
very small, the fixation of these mutations is more likely to be dominated by drift

than selection, especially for species with small N..

Investigating the genetic basis of adaptation to resolve the controversy. A

straightforward approach is to catalogue phenotypic adaptations in the wild and map
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the genetic changes that underlie these adaptations (top-down approach). This
approach usually involves a technique called association mapping, where phenotypic
trait variation is correlated with genetic variation (Barrett and Hoekstra 2011).
Studies using the association mapping have shown that genetic changes underlying
phenotypic adaptations are frequently found within protein-coding genes (Hoekstra
and Coyne 2007). However, it has been argued that this could be due to our better
understanding of how phenotypes are affected by changes in protein-coding than
changes in non-coding DNA (Stern and Orgogozo 2008). Moreover, studies using the
top-down approach usually cannot resolve whether the cause of the studied
adaptation is due to change within the coding region of the gene or within regulatory
regions close to the gene.

A more indirect approach for investigating the genetic basis of adaptation is
to detect the footprint of positive selection that has acted on different timescales
through comparison of DNA sequences (bottom-up approach; Nielsen 2005). For
example, loci that have been under recent positive selection show a distinctive
pattern of neutral diversity and haplotype structure around the locus resulting from
selective sweeps (Andolfatto 2001). Moreover, loci that have experienced frequent
episodes of positive selection in the distant past display excess between-species
divergence that is not accounted for by the neutral theory (McDonald and Kreitman
1991). Loci that display signatures of positive selection are frequently found to
contain genetic variation that is associated with adaptive traits (Barrett and Hoekstra
2011). Therefore, bottom-up approaches can be complementary to top-down

approaches in order to locate the locus of adaptation. The biggest challenge for
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bottom-up approaches is to correctly take account of evolutionary forces that can
produce similar footprints to positive selection (for example, population size
changes).

Studies using the MK test on polymorphism and divergence data from
Drosophila have revealed that the rate of adaptive substitution per year in
protein-coding genes is approximately equal to that in non-coding regulatory regions
that are upstream or downstream of genes (Andolfatto 2005; Begun et al. 2007;
Haddrill et al. 2008). These results from Drosophila would suggest that change in
cis-regulatory DNA is at least as important for adaptive evolution as protein-coding
genes. Similar studies in humans have produced equivocal results. Cis-regulatory
elements do not appear to experience a faster rate of adaptive evolution than
protein-coding genes in humans (Eyre-Walker and Keightley 2009), although some
elements that control expression of genes in brain development do display signals of
positive selection (Torgerson et al. 2009). Consequently, the evidence from humans
does not support the basic tenet of the cis-regulatory hypothesis that adaptive
evolution for 'complex' organisms proceeds mostly through change in non-coding
DNA. It has been argued that it might be harder to detect the signal of positive
selection in humans due to their complex demographic history that presumably
obscures tests of positive selection (Eyre-Walker and Keightley 2009). Expanding
the study of positive selection in non-coding DNA of species other than Drosophila
and humans could help to resolve the controversy and test the cis-regulatory

hypothesis more comprehensively.
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1.3.4 The two rules of speciation and their causes.

There are two patterns of observations in the field of speciation genetics that are
found in almost all species with heteromorphic chromosomes: Haldane's rule and the
large effect of the X chromosome in speciation (Coyne and Orr 1989). Researchers
refer to these patterns as rules due to their universality (Coyne and Orr 1989). The
investigation of these two rules of speciation has been at the forefront of speciation
genetics research for more than a century (Coyne and Orr 2004). In this section, I
briefly outline the rules and present evolutionary hypotheses that have been

suggested to explain them.

Haldane's rule and its causes. When different species are crossed and one of the
sexes in the hybrid offspring is inviable or sterile, this sex is the heterogametic sex
(Haldane 1922) (males for XY systems and females for ZW systems). This pattern is
known as the Haldane's rule and is observed in all taxa with heteromorphic sex
chromosomes (Coyne and Orr 2004). Two hypotheses have been suggested to
explain Haldane's rule; the dominance hypothesis and the faster-male hypothesis
(Coyne and Orr 2004; Presgraves 2008).

According to the dominance hypothesis, Haldane's rule arises because
X-linked mutations that cause inviability or sterility in species hybrids are more often
recessive than dominant (Muller 1942; Turelli and Orr 1995). To understand this
expectation, we need to consider how dominance of X-linked mutations can cause

hybrid incompatibility problems in The effect of recessive mutations is made
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manifest in XY males but masked in XX females. Therefore, X-linked recessive
mutations can cause hybrid incompatibility problems only in males. In contrast,
dominant mutations affect the phenotype in both males and females. Since the
females have two copies of the X chromosome, X-linked dominant mutants are more
likely to cause hybrid incompatibility problems in females. Experimental studies in
Drosophila species have demonstrated that mutations that contribute to species
incompatibilities are more often recessive than dominant (True et al. 1996; Masly
and Presgraves 2007). These studies have given strong support to the dominance
hypothesis as an explanation for Haldane's rule. Moreover, the central role of the X
chromosome in the dominance hypothesis is consistent with observations that
suggest that the X chromosome is a hotspot for speciation genes (Presgraves 2008).
According to the faster-male hypothesis, mutations which cause male sterility
in hybrids accumulate faster than mutations that generally reduce fitness in hybrids
(Wu et al. 1996). Genetic analysis has provided strong evidence that male-sterility
mutations accumulate faster than other types of mutations that contribute to species
incompatibilities (Hollocher and Wu 1996; Tao et al. 2003; Masly and Presgraves
2007). Rapid accumulation of male-sterility factors may be due to rapid adaptive
evolution of male-specific genes caused by a higher intensity of sexual selection in
males than females (or other causes; Wu et al. 1996). Growing molecular evidence
from many species (including fruitflies, birds and humans) suggests that
male-specific genes do indeed experience very rapid adaptive evolution (Ellegren
and Parsch 2007). However, the fact that the faster-male hypothesis cannot explain

Haldane's rule for species where the heterogametic sex is the female (ZW systems)



Chapter 1. General Introduction 32

limits somewhat its scope (Coyne and Orr 2004).

The large effect of the X chromosome and its causes. Another phenomenon that is
directly related to Haldane's rule is the disproportionate contribution of the X
chromosome to species incompatibilities (large-X effect; Coyne and Orr 1989;
Coyne and Orr 2004). For example in Drosophila melanogaster, the X chromosome
harbors ~4 times more hybrid male sterility factors than other similarly sized
chromosomes (Masly and Presgraves 2007). Moreover, the X chromosome displays a
reduced amount of gene flow between populations of Drosophila (Kulathinal et al.
2009) and populations of house mice relative to other chromosomes (Payseur et al.
2004; Teeter et al. 2008). The evolutionary causes of the large-X effect are still
unclear, but past work has narrowed down the list of possible explanations and these

are outlined below.

Male-biased gene content of the X. The large-X effect may be due to a
disproportionate number of male-biased genes on the X chromosome, compared with
the autosomes (Presgraves 2008; Vicoso and Charlesworth 2009). However, gene
expression studies in Drosophila have shown that the X chromosome is actually
depauperate in genes with male-biased expression (Parisi et al. 2003). In mammals,
the X chromosome is enriched for genes that are expressed early in spermatogenesis,
but depauperate for genes that are expressed late in spermatogenesis, and are more
likely to have male-specific function (Khil et al. 2004). Moreover, X-linked genes

which are early-expressed in spermatogenesis in mice have been shown to be
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female-biased (Zhang et al. 2010), which suggests that the X chromosome in

mammals is demasculinised, as in Drosophila.

Faster-X evolution. The large-X effect could be a consequence of faster evolution of
X-linked loci than autosomal loci. If new advantageous mutations are on average
recessive, they are expected to fix faster on the X chromosome than the autosomes
(Charlesworth et al. 1987). A direct test of this hypothesis is to compare the rate of
substitution between autosomal and X-linked genes. In Drosophila, results have been
equivocal. Depending on the selection of lineage to study divergence, and the method
used (i.e. by comparing dy/ds ratios or performing the MK test) researchers have
reached different conclusions, either supporting or rejecting faster-X evolution
(Presgraves 2008; Vicoso and Charlesworth 2009; Mackay et al. 2012). In mammals,
the evidence for faster-X evolution appears to be stronger (Vicoso and Charlesworth
2009; Hvilsom et al. 2012), although it might be limited to testis-specific genes
(Khaitovich et al. 2005). Therefore, faster-X evolution could be contributing to the

large-X effect, but it is likely to be limited to specific lineages or classes of genes.

Meiotic drive. Meiotic drive elements lead to segregation distortion (i.e. biased,
non-Mendelian, transmission of alleles or chromosomes). “Selfish” meiotic drive
elements can create fitness costs for their hosts which can lead to the evolution of
genes that suppress the expression of the selfish elements. Evolutionary conflict
between meiotic drive and suppressor genes can lead to their rapid divergence

between species. Therefore, in hybrid crosses, drivers might be in a genetic
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background that cannot sufficiently suppress their expression, which can, in turn,
cause sterility or inviability of the hybrids. Theory predicts that sex-linked meiotic
drive elements are more likely to invade a population than autosomal elements
(Presgraves 2008). In accordance with theory, many more distorter elements have
been found to be X-linked than autosomal in Drosophila (Jaenike 2001). Therefore, a
higher concentration of meiotic drive elements on the X than the autosomes might

contribute to the large-X effect (Presgraves 2008; Cocquet et al. 2012).

Special role of the X chromosome in spermatogenesis. The X chromosome is
inactivated during the first meiotic stage of male spermatogenesis in mammals, a
process known as meiotic sex chromosome inactivation or MSCI (Lifschytz and
Lindsley 1972). It has been suggested that male spermatogenesis might be a process
that is sensitive to perturbations of gene expression and that disruption of MSCI in
hybrids might cause male sterility (Coyne and Orr 2004; Presgraves 2008).
Laboratory crosses between Mus musculus musculus and M. m. domesticus have
shown that MSCI is disrupted in sterile, but not in fertile, offspring (Good et al.
2008; Campbell et al. 2013). Therefore MSCI could contribute to the large-X effect,
at least in mammals. Evidence exists that MSCI occurs in Drosophila (Hense et al.
2007) and birds (Schoenmakers et al. 2009), thus suggesting that disruption of MSCI
in hybrids may be a universal explanation for the large-X effect. However, for both
Drosophila and birds, the evidence for MSCI is highly disputed (Guioli et al. 2012;

Mikhaylova and Nurminsky 2012)
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1.4 Aims of the thesis.

This research thesis aims to address the problems outlined in the previous section and
to inform the relevant controversies.

In Chapter 2, I aim to address the problem of inferring the distribution of
fitness effects (DFE) of new mutations. The DFE is frequently modelled as a gamma
distribution. However, increasing experimental and population genetics evidence is
challenging the notion of a unimodal DFE. The evidence suggests that the DFE is
likely to be complex and multimodal. In Chapter 2, I develop methodology to model
complex DFEs. My aims for Chapter 2 are threefold: Firstly, to investigate whether a
multimodal DFE can be detectable from the analysis of polymorphism data.
Secondly, to uncover whether biases in the parameters of the DFE, such as the mean
effect of a new mutation, can arise if a unimodal DFE is fitted to a DFE that is
multimodal. Thirdly, I aim to apply the new methodology to infer the DFE by
analysing polymorphism data from natural populations of D. melanogaster and M.
m. castaneus.

In Chapter 3, I aim to inform the controversy on the locus of adaptation by
quantifying the contribution of protein-coding and non-coding regulatory DNA to
adaptive evolution in a population of house mice. House mice are a species of
rodents that can be considered phenotypically as complex as humans. Therefore,
according to the cis-regulatory hypothesis, we should expect a high contribution of
non-coding regulatory DNA to adaptive evolution relative to the protein-coding

genes. | study a population of house mice that has high levels of diversity and is
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considered to be located in the ancestral range of the species. This population is
unlikely to have experienced severe population size changes in the recent past,
therefore creating ideal conditions for the application of tests for natural selection.

In Chapter 4, I analyse genome-wide polymorphism data for a population of
house mice, to study the evolution of autosomal and X-linked genes. My main aim is
to test the faster-X hypothesis that has been proposed to explain the large effect of
the X chromosome in speciation. I test two main predictions of the faster-X
hypothesis: Firstly, I test whether X-linked genes have a faster rate of adaptive
evolution than autosomal genes; secondly, I test whether faster-X evolution is more

intense in male-specific genes than female-specific genes.
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Chapter 2. A Comparison of Models to
Infer the Distribution of Fitness Effects

of New Mutations.

The work presented in this chapter has been published as a research paper:
Kousathanas A, Keightley PD. 2013. A comparison of models to infer the

distribution of fitness effects of new mutations. Genetics 193: 1197—1208.

I present the work as published with slight modifications. AK designed and
performed the experiments, analysed the data and wrote the paper. PDK provided

help with computer coding and comments on previous versions of the manuscript.

2.1 Summary

Knowing the distribution of fitness effects (DFE) of new mutations is important for
several topics in evolutionary genetics. Existing computational methods to infer the
DFE based on DNA polymorphism data have frequently assumed that the DFE can
be approximated by a unimodal distribution, such as a lognormal or a gamma
distribution. However, if the true DFE departs substantially from the assumed
distribution (e.g. if the DFE is multimodal), this could lead to misleading inferences

about its properties. We conducted simulations to test the performance of parametric
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and non-parametric discretised distribution models to infer the properties of the DFE
for cases in which the true DFE is unimodal, bimodal or multimodal. We found that
lognormal and gamma distribution models can perform poorly in recovering the
properties of the distribution if the true DFE is bimodal or multimodal, whereas
discretised distribution models perform better. If there is a sufficient amount of data,
the discretised models can detect a multimodal DFE and can accurately infer the
mean effect and the average fixation probability of a new deleterious mutation. We
fitted several models for the DFE of amino acid-changing mutations using
whole-genome polymorphism data from Drosophila melanogaster and the house
mouse subspecies Mus musculus castaneus. A lognormal DFE best explains the data
for D. melanogaster, whereas we find evidence for a bimodal DFE in M. m.

castaneus.

2.2 Introduction

New mutations generate genetic variation in the genome of every species. For
example, it has been estimated that a newborn human has ~70 new mutations that
originated in its parents' germlines (Keightley 2012). The fitness effects of new
mutations can range from deleterious to neutral and to advantageous, and the relative
frequencies of their effects is known as the distribution of fitness effects (DFE) of
new mutations. Inferring the properties of the DFE is a long-standing goal of
evolutionary genetics and is key to several important questions, including the

evolution of sex and recombination, the prevalence of Muller's ratchet and the
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constancy of the molecular clock (Charlesworth 1996; Eyre-Walker and Keightley
2007).

A number of methodologies have been developed to infer the DFE based on
DNA sequence data (Sawyer et al. 2003; Nielsen and Yang 2003; Piganeau and
Eyre-Walker 2003; Loewe et al. 2006; Eyre-Walker et al. 2006; Keightley and
Eyre-Walker 2007; Boyko et al. 2008; Schneider et al. 2011; Wilson et al. 2011). All
of these assume that there is a neutrally evolving class of sites, and contrast patterns
of polymorphism and/or divergence from an outgroup with that of a tightly linked
focal site class. Selection affecting the focal sites is expected to alter the pattern of
polymorphism compared to that of the neutral class. A distribution of selection
coefficients is then fitted to the data, and its properties inferred. The three most
widely used methods are those developed by Eyre-Walker et al. (2006), Keightley
and Eyre-Walker (2007) and Boyko et al. (2008). Keightley and Eyre-Walker (2007)
use a Wright-Fisher transition-matrix approach (Ewens 1979), whereas Eyre-Walker
et al. (2006) and Boyko et al. (2008) use a diffusion approximation (Sawyer and
Hartl 1992; Williamson et al. 2005). All three methods have been reported to give
similar results, but make slightly different assumptions. For example, they differ in
the way in which they model demographic changes (e.g. population size changes).
Eyre-Walker et al. (2006) use a heuristic, non-model based, approach, whereas the
other two explicitly model some simple demographic scenarios. It is necessary to
model demographic change, because this is known to alter patterns of polymorphism

in ways that can resemble selection. Because these methods use allele-frequency
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information (summarised as the site-frequency spectrum or SFS), they are expected
to be sensitive to demographic change.

Several studies have employed the above methods to infer properties of the
DFE of amino acid-changing mutations. In these analyses, a gamma distribution of
fitness effects has often been assumed, since it is a flexible distribution with two
parameters, the shape () and the scale (a). For example, for amino acid-changing
mutations in D. melanogaster, the shape parameter has been estimated to be ~0.4
(implying a leptokurtic distribution), and most (>90%) of new mutations are inferred
to be moderately to strongly deleterious, with effective strength of selection N.s>10
(Keightley and Eyre-Walker 2007; Eyre-Walker and Keightley 2009). In humans, the
DFE appears to be more even more leptokurtic than in Drosophila (i.e. the estimated
shape parameter is ~0.2), and only ~60% of mutations appear to be moderately to
strongly deleterious (Eyre-Walker et al. 2006b; Keightley and Eyre-Walker 2007;
Boyko et al. 2008; Eyre-Walker and Keightley 2009). Differences between
Drosophila and humans in the properties of the DFE have been attributed to a
difference in their effective population size (»,), the former being ~80 times larger
(Eyre-Walker et al. 2002). An effect attributable to /N, has also been observed in
several other species. For example, N.in wild house mice is substantially larger than
humans, but smaller than Drosophila, and ~70-80% of amino acid mutations are
estimated to be moderately to strongly deleterious (Halligan et al. 2010; Kousathanas
etal. 2011). Capsella grandiflora and Arabidopsis thaliana are two plant species

with large and small N,, respectively, and ~86% and ~66% of amino acid mutations
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are estimated to be moderately to strongly deleterious, respectively (Foxe et al. 2008;
Slotte et al. 2010). Arabidopsis thaliana and Capsella grandiflora also differ in their
mating system (self-fertilising versus outcrossing), which could also contribute to the
difference in the efficiency of natural selection between them.

Most of the above methods assume that the DFE can be approximated by a
certain type of mathematical distribution, such as the gamma distribution. One would
like, however, to have a more general approach to obtain information about the DFE
without needing to assume an explicit distribution. Steps in this direction were taken
by Keightley and Eyre-Walker (2010), who examined a model of multiple discrete
selection coefficients rather than assuming a continuous distribution. However,
Keightley and Eyre-Walker (2010) did not examine the performance of their models
when the true distribution deviated from a gamma distribution. Boyko et al. (2008)
also fitted several types of distributions and combinations of continuous distributions
and discrete fixed effects when inferring the DFE for amino-acid changing mutations
in humans. Wilson et al. (2011) recently developed a new method that assumes a
series of discrete fixed selection coefficients, the density associated with each
selection coefficient being estimated as a parameter. However, due to the complexity
of the model, Wilson et al. (2011) needed to assume a constant population size.

Although several different types of parametric and non-parametric DFE
models have been fitted to DNA polymorphism data, to our knowledge their
performance in cases where the true DFE is bimodal or multimodal has not

previously been investigated. In this study, we use simulations to examine cases



Chapter 2. A Comparison of Models to Infer the Distribution of Fitness
Effects of New Mutations.

where the true DFE is unimodal, bimodal or multimodal. We analyse simulated data
assuming six models for the DFE. The first two are parametric unimodal
distributions: the lognormal and the gamma distribution. The third model is a
parametric distribution that can be bimodal: the beta distribution. The fourth model is
a discrete point mass distribution of selection coefficients, where the locations and
the probability densities of each point mass (or 'spikes') are estimated parameters. We
refer to this model as the spikes model, which is similar to the discretised model used
by Keightley and Eyre-Walker (2010). The fifth model ('steps model') consists of
multiple continuous, uniform distributions (or steps), the boundaries and probability
densities of which are estimated parameters. The sixth model is a variant of the
model used by Wilson at al. (2011), and assumes 6 fixed selection coeftficients where
only their probability densities are estimated parameters. We refer to this model as
the 'fixed 6-spikes model'.

In this chapter, we use simulations to test the performance of the six models
assuming various scenarios for the complexity of the true DFE. We further examine
the performance of the six models for different allele sequencing efforts. We then test
the robustness of the six models to the effects of population size changes and linkage.
Finally, we fit the six models to protein polymorphism datasets from D.
melanogaster and M. m. castaneus, each containing sequences of several thousand

protein-coding genes.
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2.3 Materials and Methods

Population genetic model and assumptions. In this study, we extended the methods
developed by Keightley and Eyre-Walker (2007) to infer the distribution of fitness
effects (DFE) of new mutations based on the allele frequency distribution of
polymorphic nucleotide sites among individuals sampled from a population. This
approach is based on Wright-Fisher population genetics theory, and makes a number
of assumptions. We assumed that sites are unlinked, have the same mutation rate, and
that polymorphic sites are biallelic. We assumed that there are two classes of sites in
the genome, one 'neutral' and one 'selected'. The fates of new mutations in the neutral
class are affected only by genetic drift. New mutations at selected sites are assumed
to be unconditionally deleterious and to have additive effects on fitness. We defined
the selection coefficient s as the fitness reduction experienced by the homozygote for
the mutant allele compared to the homozygote for the wild-type allele. Therefore, the
fitnesses of the wild-type, heterozygote and mutant homozygote are 1, 1-s/2 and 1-s,

respectively.

Description of the modelled distributions of selection coefficients. New mutations
affecting the selected class of sites are sampled from a probability distribution. We
investigated six models for this probability distribution: the first is a lognormal
distribution, which has two parameters: the mean or location (x) and the standard
deviation or scale (). The second is a gamma distribution, which has two

parameters: the shape (b) and the scale (a). The third model is the beta distribution,
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which has two shape parameters (k;, k2). The fourth model (spikes model) assumes m
mutational effects classes (spikes), which are modelled as point masses. For each
mutational effect class i (i = 1..m), the location s; and the probability density (p;) are
estimated parameters, for a total of 2m-1 parameters. The fifth model (steps model)
assumes m mutational effects classes, and each class i (i = 1..m) is modelled as a
uniform distribution where the minimum and maximum values (N,s.; and N,s;
respectively) and the probability density (p;) are estimated parameters. The minimum
value of the first step is fixed to zero. We assumed that the start of each step is the
end of the previous, that is, for step i, N.s=N.s:.;, ensuring that there are no
overlapping steps. The total number of parameters to be estimated is m for the
minimum and maximum values values of the steps, plus m-1 for the probability
density of each step, giving a total of 2m-1 parameters. For the sixth model (6-fixed
spikes) I assumed 6 mutational effects classes (spikes), modelled as point masses
arbitrarily fixed at N.s;=0, Nos:=1, N.s3=5, Ness=10, N.ss=50, N.se=N.. The probability
densities of the fixed point masses were estimated parameters, for a total of 5
parameters.

Table 2.1. The selection models investigated in this study.

DFE Model No. Parameters Parameters
Lognormal 2 U, o (location, scale)
Gamma 2 a, b (scale, shape)
Beta 2 ki, k> (shape 1, shape 2)
. Fori (i=1..m), N.s;
Spike 2m-1 For i (i = 1..m-1), p,
Step -1 Fori(i=1..m), N.s;

Fori(i=1.m-1), p;
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6-fixed spikes 5 Fori(i=1.5),p:

Demographic Model. Following Keightley and Eyre-Walker (2007), we also
incorporated a simple demographic model of a step change from population size N,
to population size N, at some time ¢ in the past. NV, is fixed at 100, the parameter ¢ is
estimated relative to N>, and the parameter N, is estimated relative to N, (i.e. the
magnitude of the size change is estimated). There may be little information to
estimate the relative values of N;and N, so we also computed a weighted recent

effective population size N,:

_N1w1+N2w2

witw,

2.1)

w

t

and w,=N,(1—e ™) (Eyre-Walker and Keightley

where WIZNl(l

1
2N,
2009). The weightings w; and w; are the expected contributions of neutral mutations
to allele frequency variation ¢ generations after the population size change. Note that
N, is only a scaling parameter to estimate N _s , and it is not an estimate of the
effective population size (N.).
We also incorporated a parameter fj, which is the proportion of unmutated sites.
Under selective neutrality and stationary equilibrium, 1-fyis proportional to the

product of the mutation rate and the persistence time of a new mutation.

Generation of the expected allele-frequency vector and computation of
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likelihood. We assumed that, at some point in the past, a population of size N, was at
mutation-selection-drift equilibrium. This population then experienced a size change
(either expansion or contraction) to size N-, ¢ generations from the present.
Throughout this period, new mutations arise, which are neutral for the neutral class
of sites, and deleterious with selection coefticients s sampled from a probability
distribution f{s) for the selected class. Following Keightley and Eyre-Walker (2007),
we employed Wright-Fisher transition matrix methods to generate the expected allele
frequency distribution at the present time for a set of parameter values f; , ¢, N>, and a
given s value, and we stored it in a vector v(s). The lognormal, gamma, spike and
step distributions can potentially have substantial parts of their density at s>1. We
modelled the contribution of mutations for s>1 assuming that their frequency in the
population goes down in proportion to the expectation at mutation-selection balance,
following Keightley and Eyre-Walker (2007). The expected mean allele-frequency
distribution z was obtained by integrating over the distribution of selection

coefficients for all elements of v(s):

ZZTv(s)f(SIQ)dS (2.2)
0
where O represents the parameters of the distribution of selection coefficients (e.g. a
and b for the gamma distribution).
The numbers of derived alleles in a sample of nr alleles constitute the SFSs,
and were stored in vectors q(N) and q(S) for the selected and neutral sites,
respectively. Numbers of alleles were binomial draws from a diploid population of

size N,. Since we did not distinguish between the derived and ancestral states, we
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used only folded SFSs. We folded the SFS and the allele-frequency vector z as
follows:
q,=9,+q,_; ,for 0<i<n,/2 (2.3)
2,=%,+ %, ,for 1<i<2N,/2 (2.4)

Under the assumption that numbers of derived alleles are binomially distributed, we
computed the log likelihood of the observed allele frequency distributions (i.e. SFSs)

for neutral and selected sites as:

nyl2 N,
lOgL:Z q.log Z z;(b(i|nT:j/2 N,)+b(n,~iln,, jI2N,)) (2.5)
i=0 =0

(Keightley and Eyre-Walker 2007), where b (iln, p) is the binomial probability for i
derived alleles in a sample of » alleles with probability of occurrence p. We found the
set of the parameter values that best fits the observed SFSs by maximizing the sum of

the log-likelihoods calculated for the neutral and selected classes of sites.

Likelihood maximization. The parameters to be estimated are fy, V-, z, plus
additional parameters, depending on the selection model implemented (Table 2.1).
Maximization of the likelihood was done using a custom likelihood search algorithm
for N, and the SIMPLEX algorithm (Nelder and Mead 1965) for the remaining
parameters. The expected mean allele-frequency distribution z was precomputed for
discrete sets of parameter combinations. As per Keightley and Eyre-Walker (2007),
values of N, and ¢ went from 2 to 1000, and from 1 to 5000, respectively, in steps

increasing by 5% or 1, whichever was higher. We integrated over the distribution of
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s, by using precomputed z vectors for 250 s values. Note that when using
precomputed z vectors for discrete parameter values, it is likely in the estimation
procedure to obtain exactly the same value for a certain parameter when analysing
different datasets.

To increase the speed of the maximization procedure, we first estimated the
demographic parameters N, and ¢ and the parameter f; from the neutral SFS. We
assumed the maximum likelihood (ML) estimates of N> and ¢ when estimating the
parameters from the selected SFS.

We generated starting values for the location parameters of the spikes and the
steps by using a power series:
for spike or step i (i=1..m),

N 5= N();*") (2.6)

where N,=N,, as calculated by equation 2.1 and r is a pseudorandom deviate from a
normal distribution with a mean 0, and standard deviation 0.1. This power series was
devised empirically, and has several desirable properties: the term N,”” places the
spikes or steps at a reasonable distance from each other; the last spike or step is
placed at N., therefore avoiding generating extremely large N.s values; the
pseudorandom normal deviate » adds noise in the placement of the spikes/steps.

The starting values for the relative probability densities of the steps were set
to 1/m. As the number of parameters increases, the possibility of multiple local
maxima also increases. To ensure that the global maximum had been found, we

performed 10 starts of the maximization algorithm for each run, each time using a
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different seed for the pseudorandom number generator. We recorded the ML

estimates that gave the highest likelihood in these runs.

Implementation of the model. Our simulations used a forward Wright-Fisher
simulator to generate SFSs, and we then used ML to fit demographic and selection
models and estimate the parameters. This was implemented in a recoded version of
the C program DFE-alpha (Eyre-Walker and Keightley 2009). This version
implements all of the models we describe, can be used to analyse SFS datasets in a

similar way to DFE-alpha, and will be made available via the authors' website.

Simulations assuming a constant population size. We simulated SFS datasets
assuming a diverse set of distributions of selection coefficients, including unimodal,
bimodal and multimodal distributions. We performed forward simulations in which
we assumed a constant population size (N;=N,=100). We used 10° neutral and 10°
selected sites and sampled with replacement 64 alleles. We also compared
simulations in which we sampled with replacement different numbers of alleles (8,
16, 32, 64, 128 and 256), while assuming a set number of sites (10°). Parameter f;

was set to 0.9. For each simulated dataset, we performed 100 replicate simulations.

Simulations assuming variable population size. We modelled population size
changes as step changes from an initial population of size N,=100 at stationary

equilibrium. Time is expressed in units of N,. We simulated two demographic
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histories: a population expansion and a bottleneck. The simulated expansion was a
step change to size N, (N./N,=3.1), at time #,/N,=1. The simulated bottleneck was a
reduction in population size N./N,=0.72 at time #,/N,=1.1 and a subsequent expansion
with a step change in size N3/N,=3.8 at time #:/N,=0.11. The parameters for the two
simulated demographic scenarios were chosen to match the inferred histories of real
populations. The simulated expansion matched that inferred for a population of wild
mice (Halligan et al. 2010) and for the American population of humans with African
ancestry (Boyko et al. 2008). The bottleneck scenario matched that inferred for the
American population of humans with European ancestry (Boyko et al. 2008). For
these simulations we assumed a gamma DFE with ¢=0.05 and »=0.5. For each
simulated dataset we used 10° neutral and 10° selected sites, sampled 64 alleles and

performed 20 replicate simulations.

Simulations with linkage. We used the C++ program SLiM, developed by Philip

Messer and available at http://www.stanford.edu/ ~messer/software.html to perform

simulations with linkage (Messer 2013). We simulated 1 Mbp long chromosomes.
Each chromosome had 20 loci. Each locus consisted of 10 exons of length 100 bp
each alternating with 1Kbp introns. The loci were at a distance of 40 Kbp from each
other. We used exonic sites and the first 100 bp of introns as selected and neutral sites
respectively. We simulated a population of size N=100 for 10N generations to reach
stationary equilibrium, and sampled 64 chromosomes every 2N generations for 100N

generations to obtain polymorphism data for a total of 10° selected and 10° neutral
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sites. We assumed a mutation rate 4N,u=1% and simulated various levels of linkage
between sites by assuming recombination rates (4/N,r) varying between 10° to 1. We
performed three types of simulations, varying the properties of the DFE for selected
sites: Firstly, we assumed a bimodal DFE consisting of 2 spikes of selection
coefficients (N.s,=0, N.s,=10, p;=0.2), secondly we assumed a gamma DFE (a=0.05,
b=0.5), and thirdly we assumed that 97% of sites were under negative selection
(gamma DFE; a=0.05, 5=0.5) and 3% were under positive selection (single spike

DFE; N.s;=10). We performed 20 replicate runs for each simulation type.

Evaluation of model performance. The performance of the models was assessed by
their accuracy in inferring the mean effect ( NV, s ), the average fixation probability of
new deleterious and neutral mutations relative to the fixation probability of neutral
mutations ( # ) and the proportion of mutations falling into five N.s categories
(0.0-0.1, 0.1-1.0, 1.0-10.0, 10.0-100.0, >100.0). N,s and & are important
quantities for several questions, including inferring the proportion of mutations fixed
by positive selection and the rate of adaptive relative to neutral evolution (i.e. o and
w,, respectively; (Eyre-Walker and Keightley 2009; Gossmann et al. 2010). N s
was calculated by taking the arithmetic average of the selection coefficients over the
range of s between 0 and 100 (i.e. the N.s range was between 0 and 10,000, for
N~100). u was calculated by integrating over the DFE, as in Eyre-Walker and

Keightley (2009):
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ﬁ=f2Neu N..s| f(sl©)ds (2.7)
0
where u (N,, 5), is the fixation probability of a new deleterious mutation (Fisher

1930; Kimura 1957; Kimura 1962).

To assess the accuracy in recovering the properties (X) of the simulated
distributions, we compared estimates (X;) versus true values (X;..). For N, s and # ,
we calculated the relative error as:

X —

1 true

L. X)=—7
rel. error( X ) X (2.8)
We compared the goodness of fit between models by comparing their likelihoods and

by comparing Akaike Information Criterion (4/C) scores. The AIC score penalizes

parameter-rich models as follows:

AIC=2k—2log(L) (2.9)
where £ is the number of parameters in the model, and L is the maximum likelihood

for the estimated model. We considered an A/C difference greater than 2 as
significant when comparing models. For the spike/step models we increased the
number of fitted spike/steps until an improvement of less than 2 4/C units was

obtained.

Analysis of Drosophila and house mouse datasets. We analysed polymorphism
data for protein-coding genes of Drosophila melanogaster and Mus musculus
castaneus using the six selection models described above. For these analyses we also
fitted a simple demographic model of a step change in population size, similarly to

the simulations assuming variable population size that were described above. The
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initial population size (N;) was assumed to be 100. The eftective population size of
real populations may be much larger than 100, but since the parameters of the
demographic model are the magnitude of the size change (N-/N,) and the time of the
size change event in generations scaled by N, (¢,/N;), we do not expect the choice of
N;=100 to lead to biases in the estimation procedure, as shown previously by
Keightley and Eyre-Walker (2007).

For D. melanogaster, we analysed a dataset of 17 alleles from individuals
originating in East Africa (17 haploid Rwanda lines from the DPGP2 project; release

version 2.0, http://www.dpgp.org/dpgp2/DPGP2.html; Pool et al. 2012). The dataset

included polymorphism data for 8,367 autosomal genes. Regions with evidence of
cosmopolitan (out-of-Africa) admixture were filtered-out. These regions had
previously been identified by an identity-by-descent analysis by the DPGP team.

For M. m. castaneus, we used a dataset of 20 alleles from individuals sampled
in NW India (Halligan et al 2010; Halligan et al. unpublished data). The dataset
included data for 18,110 autosomal genes. CpG dinucleotides have substantially
higher mutation rates in mammals (Arndt et al. 2003) and their frequencies differ
between coding and noncoding DNA. Therefore for M. m. castaneus, we restricted
the analysis to nonCpG-prone sites (sites not preceded by C or followed by G).

We quantified the DFE and calculated o and w, for non-synonymous 0-fold
degenerate sites. Our method requires a neutrally evolving class of sites. We used
synonymous 4-fold degenerate sites as the neutral class of sites. Extensive evidence

for non-neutrality of synonymous sites exists for D. melanogaster (for example,
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Lawrie et al. 2013). Violation of our assumption for neutrality of synonymous sites
will therefore lead to an underestimation of the strength of selection at
non-synonymous sites, but we do not expect biases when comparing the performance
of the different selection models, since we used the same neutral class across these.
To calculate a and w, we used the divergences at non-synonymous and synonymous

sites between D. melanogaster and D. yakuba and between M. m. castaneus and rat,

as follows:
_dN—dSﬂ
o= a. (2.10)
_dN—dSa
w,= a. (2.11)

where dy and ds are the nucleotide divergences between the focal species and the

outgroup at non-synonymous and synonymous sites, respectively.

2.4 Results

2.4.1. Simulations testing the performance of the models to infer

unimodal and multi-modal DFEs

We simulated SFS datasets, choosing the parameters of the simulated distributions to
create three biologically plausible scenarios for their complexity (i.e. unimodality,
bimodality and multimodality; Figure 2.1). We then examined the performance of

several models incorporating parametric or non-parametric distributions. We
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considered several criteria for evaluating the performance of the tested models: the

log-likelihood and AIC scores and the accuracy in estimating the mean effect of a
new mutation ( N, s ) and the average fixation probability of a new mutation ( 7 ).
The accuracy in estimating N, s and # was evaluated by calculating the relative
error (equation 2.8). AlogL, AAIC scores, rel.error ( N, s ) and rel.error (i ) for the

tested models of each simulation set are shown in Table 2.2. We also examined the

performance of the tested models in accurately inferring the proportion of mutations
in five N, s ranges (Figure 2.2). We discuss in turn the results of each simulation set

below. The estimates for the parameters of each of the six tested models for each

simulation set (SIM1, SIM2, SIM3) are given in Appendix A2.1.
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Figure 2.1. The simulated DFEs. For SIM1, we simulated a gamma DFE with scale
a =0.05 and shape b =0.5. For SIM2, we simulated a beta DFE with shape

parameters k= 0.2 and k, = 0.1 rescaled to the N.s interval [0, 100]. For SIM3, the
DFE was comprised of three selection coefficients, N, s,=0, N, s, =5, N s, =50,

with probability densities p1=0.2, p,=0.6, ps=0.2.
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Table 2.2. Statistics for the performance of tested models for each simulation set.

The statistics reported are the mean log-likelihood and the mean A/C score difference

from the highest scoring model and mean relative error in estimating N, s and u

across 100 replicates of each simulation set. The best-scoring model according to the

AIC criterion is highlighted in light grey. 95% confidence intervals for rel.error (

N s ) and rel.error ( u# ) are reported in brackets. For spikes and step models, the

number of spikes/steps that best fitted the data according to the A/C criterion is

shown in parentheses. Positive and negative values of %rel. error signify

overestimation and underestimation of these parameters, respectively.

% rel.error

Simulation =~ Model AlogL AAIC N,s u
94.3 14.4
Lognormal -13.9 -27.8 [72.9,116] [-16.8,-11.4]
0.2 147
Gamma — -0.02 0 154571 [3.96,1.9]
5.7 0.16
SIM1 Beta 0.3 =05 106 1117 [-2.68, 3.30]
(gamma)  Best spike 15 -49 -5 -14.7
2) 2 Y 132,464]  [-32.4,26.5]
118 116.52
Beststep (2) 0 -2 1184 4] [20.8,-10.6]
6fixed o o, 141 5.51
spikes - T [44,446] [-17.7,18.1]
979 241
SIM2  Lognormal - -300 -597 1933 '10157 1274, -21.2]
(bimodal
beta) 321 -15.2
Gamma  -46.4 -89.9 [279,371] [-17.9, -12.7]
Beta  -14 0 0.27 0.64
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% rel.error

Simulation  Model  AlogL AAIC N,s u
[-1.74,2.52] [-2.96, 4.43]
Best spike 0 31 -0.85 -12.9
3) 12,0, 173] [-29.1, 12.0]
18.3 931
Beststep (2) -1.3 =18 ) 4 5577 [-163.-0.97]
6-fixed 2.26 0.15
spikes 72 102 1794 8671 [-32.7,18.2]
21.7 253
Lognormal = -29.5 =33 1 ¢5 35 01 [:27.9. -22.1]
26.1 6.91
Gamma  -6.9 -7.8 301 11 9] [-33.1, 2.96]
SIM3 ey 29.5 263
(3-spike Beta 8.2 -104 1 331 5971288, -23.1]
multimodal)  Best spike 0 0 6.15 -3.48
3) [-13.9, 107] [-47.6, 4.27]
20 -19.0
Beststep (3) =07 -13 1 454 2507 356, -13.2]
6-fixed o, 9.85 _13.6
spikes ' 2 [-10.5,43.8] [-40.0,2.31]
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Figure 2.2. The mean estimated proportions of mutations in five N.s ranges for SIM1, SIM2 and SIM3, assuming a sequencing effort of 64

alleles and 10° neutral and selected sites. Error bars are the 5™ and 95™ percentiles of estimates over 100 simulation replicates.
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A gamma distribution simulated (SIM1). To approximate a realistic scenario for
protein-coding loci, where current information suggests a leptokurtic DFE and most
sites under strong negative selection, we simulated a gamma DFE with scale a = 0.05
and shape b = 0.5 (SIM1; Figure 1).

As expected, the gamma model gave the best fit to the data, accurately

estimating N, s and # (SIM1; Table 2.2). The lognormal model performed more
poorly, overestimating N s and underestimating # , while the beta model gave a

good fit (441C from the best-fitting model was -0.5) and accurately estimated N s

and # (SIM1; Table 2.2). Based on their AIC scores, the best-fitting variable spike
and variable steps models were the 2-spike and 2-step models, respectively (SIM1;

Table 2.2), and these models fitted only slightly worse than the gamma model (SIM1;

Table 2.2). However they did not recover N,s and & as accurately as the gamma
(SIM1; Table 2.2).

All models tested performed well in accurately recovering the proportions of
mutations in the N, s ranges we examined (Figure 2.2). However, the lognormal and
all the non-parametric models did not succeed in accurately assigning the proportions
of mutations in the N ,s ranges 0.0-0.1 and 0.1-1.0, presumably because there is

little information to discriminate between these categories. In contrast, the gamma
and beta models performed almost perfectly in assigning the proportions of

mutations to these categories.
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A bimodal beta distribution simulated (SIM2). We then investigated a beta
distribution with shape parameters k,=0.2 and k, = 0.1 rescaled to the N.s interval [0,
100] (SIM2; Figure 2.1). For this distribution, roughly 10% of selected sites are
under weak negative selection (N.s < 1), another 10% are under moderately strong
negative selection (N.s = 1-10) and the remaining 80% are under very strong
negative selection (N.s>10). Such a bimodal distribution is intended to model
protein-coding loci where amino-acid changing mutations are either neutral or
strongly deleterious, with relatively few mutations of intermediate effect.

As expected, the beta model had the best AIC score (SIM2; Table 2.2),

recovering N, s and # accurately (SIM2; Table 2.2). The unimodal lognormal and
gamma models fitted the data very poorly (44/C from beta = -597.2 for the
lognormal and -89.9 for the gamma, SIM2; Table 2.2). N_s was grossly
overestimated by the lognormal and gamma models (SIM2; Table 2.2). However, u
was estimated relatively accurately by these models (SIM2; Table 2.2). The estimate
for N,s can be heavily influenced by a long tail in the fitted distribution whereas
is mostly affected by effects in the N.s range 0-1. Therefore, the low accuracy of
N,s and u estimates from the lognormal and gamma models presumably reflects a
bad fit to the 'strong effects' part of the distribution (i.e. N.s>10), but there is a
reasonably good fit to the 'nearly neutral effects' part of the distribution (i.e.
0<N.s<1). The best-fitting 3-spike and 2-step models and the fixed 6-spike model

fitted almost as well as the beta distribution (SIM2; Table 2.2). These non-parametric
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models accurately estimated N, s and # (SIM2; Table 2.2). We observed that the
lognormal, gamma and non-parametric models assigned substantial proportions of
mutations into the N.s>100 range (Figure 3), although the simulated distribution had
a near-zero density in this range. Presumably, there is little information to precisely
estimate the upper limit of the simulated distribution.

We also examined the performance of the models when varying the locations
of the modes of a bimodal DFE. We investigated distributions with two classes of
effects (2-spike): the first class of mutations was assumed to be neutral with N s,
=0, and we varied the selection strength and probability density associated with the
second class ( V,s, and p, respectively). We then fitted the gamma and the 3-step

models to these distributions and compared their performance (Figure 2.3).
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Figure 2.3. The performance of the gamma and 3-step models when fitted to
bimodal DFEs. We simulated 2-spike DFEs with one spike fixed at N, s, =0 and we

varied the selection strength ( V, s, ) and probability density ( p, ) of the second
spike. (A) AlogL between the 3-step and gamma models fitted to the simulated DFEs

as a function of N, s, and p,. We also compared the % rel. error in estimating (B)
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N ,s and (C) u . Positive and negative values of % rel. error signify overestimation

and underestimation of these parameters, respectively.

We found that for 2-spike distributions where N,s5,>10 and p,=0.4, the
3-step model significantly outperformed the gamma model (Figure 2.3A). We then

examined the performance of the models in estimating N,s and # . We found that
the gamma model overestimated N,s when N,s,>10 and underestimated i for
almost all parameter combinations of N, s, and p, (Figure 2.3B and Figure 2.3C,
respectively), while the 3-step model overestimated N,s and underestimated

when N ,s5,<10 (Figure 2.3B and Figure 2.3C respectively).

A 3-spike multimodal distribution simulated (SIM3). To examine a case where the
true DFE is more complex, we simulated a DFE comprising of three selection
coefficients, N,s,=0, N, s, =5, N,s, =50, with probability densities p,=0.2,
p2=0.6, p3=0.2, respectively (SIM3; Figure 2.1). The choice of parameters was
mainly based on generating 3 sufficiently distinct modes. As expected, a 3-spike
model gave the best fit according to the A/C criterion (SIM3; Table 2.2). The other
non-parametric models fitted almost equally well (44/C was -1.3 for both the 3-steps
model and the fixed 6-spikes model, SIM3; Table 2.2). The lognormal, gamma and
beta models gave a poorer fit than the non-parametric models (441C was -53, -7.8
and -10.4 for the lognormal, gamma and beta models, respectively, SIM3; Table 2.2).

However, we did not observe large differences in the accuracy of estimating N s
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and # between the models tested (SIM3; Table 2.2). The lognormal, best spike, best

step and fixed 6-spike models slightly overestimated N, s , whereas the gamma and

beta models slightly underestimated N, s (SIM3; Table 2.2). All models tested

slightly underestimated # , the most accurate being the best fitting spike model

(SIM3; Table 2.2).

The effect of increasing the allele sequencing effort. The primary goal of this
section was to examine whether the general trends in the performance of the six
models tested hold for different allele sequencing efforts. We compared the
performance of the models for 8, 16, 32, 64, 128 and 256 alleles sequenced. For the
gamma distribution (SIM1), increasing the sequencing effort led to more accurate
estimates of N _s but did not improve accuracy of estimating # (Figure 2.4A and
Figure 2.4B, respectively). For the beta distribution (SIM2), increasing the allele
sequencing effort increased the accuracy of estimating N,s but the accuracy of
estimating # did not increase for the spike, step and fixed 6-spikes models, and
surprisingly decreased for the lognormal and gamma models (SIM2; Figure 2.4B).
This decrease can be explained if we consider that the overall fit of the gamma and
lognormal models improves as the number of alleles sequenced is increased, but the
fit of the models to the N.s range 0-1 worsens (the good fit of the models to the N.s
range 0-1 is crucial for an accurate estimate of # ). For the 3-spike multimodal

distribution (SIM3), we observed that the parametric lognormal, gamma and beta
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models showed no improvement in accuracy for estimating N, s and # when
increasing the number of alleles sequenced (SIM3; Figure 2.4A and Figure 2.4B,
respectively). The spike, step and 6-fixed models at low sequencing efforts (8-32
alleles) had an inferior performance compared to the parametric models (SIM3;
Figure 2.4). However, as the number of alleles sequenced was increased to 64 or

greater the performance of these models became superior to the parametric models

(SIM3; Figure 2.4).
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2.4.2. Simulations testing the robustness of the models to population

size changes and linked selection.

The effect of incorporating a population size change. We then examined whether
population size changes can affect the performance of the non-parametric relative to
the parametric models by simulating two population histories: an expansion and a
bottleneck. The expansion was a 3-fold step-change in population size. The
bottleneck was a long-lasting 30% reduction in population size, followed by a
short-lived 4-fold step expansion. For the selected sites, we assumed a gamma DFE
with scale a = 0.05 and shape b = 0.5 (as for SIM1). Since our method can
incorporate a model of a step change in population size, we fitted this model to the
neutral data for both simulated histories.

For the expansion scenario, the demographic parameters of the step change
were accurately estimated and the performance of the different selection models was
similar to SIM1 (Table 2.3). For the bottleneck scenario, the 2-epoch demographic
model appeared to mostly capture the second change in population size (Table 2.3).
However, the non-parametric 2-spike and 2-step selection models fitted the data
better than the parametric models (Table 2.3). Therefore a long-lasting bottleneck
followed by rapid expansion can produce a signal in the data that is not fully
accounted for by the fitted 2-step demographic scenario and can cause the spike and

step models to overfit the data and produce spurious evidence for multimodality.



Chapter 2. A Comparison of Models to Infer the Distribution of Fitness 69
Effects of New Mutations.

Other population histories such as a bottleneck followed by long-lasting recovery or

expansion gave similar results to the 2-step expansion scenario (result not shown).
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Table 2.3. Estimates of demographic parameters for the fitted step change in
population size, goodness of fit and summary statistics for simulations assuming a
population expansion and a bottleneck. A gamma DFE was assumed with ¢=0.05 and
b=0.5. The statistics reported are the mean log-likelihood and the mean A/C score

difference from the highest scoring model (4logL and 4A4IC respectively), the mean
estimate of the mean effect of a new mutation ( N s ), and of the probability of

fixation of a new mutation ( # ). Only results for the best-fitting spike and step model
according to the AIC criterion are shown. The 5™ and 95™ percentiles of estimates

over 20 simulation replicates are shown in brackets.

Simulati Demography Selection
tuiation = v, 1IN, Model  AlogL AAIC N.s z
41 0.13
Lognormal -5.1 -7.1 (36, 48] [0.12,0.13]
17 0.16
Gamma — -1.6° 0.0 1591 10,15, 0.16]
16 0.16
N 3.1 0.97 Beta  -19 08 1591 10.15,0.17]
AN 3,300 1095, 10) [ Lo o0 Ly 24 0.12
estspike 3) 0.0 2.9 4 507 10,081, 0.21]
14 0.12
Beststep (2) -2.3 -34 [13,15] [0.11,0.13]
6-fixed || s, 20 0.15
spikes ' “ [17,31] [0.11,0.20]
Bottleneck 5.3 0.11 24 0.18

Lognormal -26.8 -51.7

[5.0, 6.0] [0.10, 0.12] [21,28] [0.17,0.18]

12 0.21
Gamma 99 179 114 431 10.20,0.22]
11 0.21

Beta -8.2 -145 [11,12] [0.20,0.22]

Best spike (2) -0.7 -1.5 8.4 0.17
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S Demography Selection
tuiation N v, 1IN Model  AlogL 4AIC  N.s “
[7.8, 8.8] [0.14,0.21]
8.8 0.25
Beststep (2) 0.0 0.0 g 47931 [0.20,0.28]
6-fixed 13 0.24

spikes 7 7138 11 16] [0.20,0.30]

Simulated values
Expansion scenario: No/N/=3.1, t/N/=1, N ,s =17, u =0.16
Bottleneck scenario: NoJ/N;=0.72, Ns/N/=3.8, t:/N/=1.1, ts/N;=0.11, N ;s =11, u =

0.20
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The effect of linkage and selection. In our simulations we have assumed that sites
are unlinked, but genomes of real organisms can exhibit various amounts of linkage.
We performed simulations assuming a range of recombination rates between sites to
examine how linkage can affect the performance of the 3-steps model in detecting a
bimodal DFE. This performance is assessed by a significantly better fit of the 3-steps
model than the gamma model.

Firstly, we investigated whether background selection alone could produce a
spurious signature of a bimodal DFE by simulating a gamma DFE with ¢=0.05 and
b=0.5. We observed a better fit of the 3-steps model than the gamma model for high
levels of linkage (Figure 2.1A; upper panel). However, when we fitted a
demographic model of a step change to the neutral sites, a procedure which has been
suggested to control for the effects of linkage (Messer and Petrov 2013), the 3-steps
and gamma models fitted the data equally well at all levels of linkage (Figure 2.1A;
lower panel).

Secondly, we examined whether positive selection could produce a signature
of a bimodal DFE. We simulated a gamma DFE with ¢=0.05 and »=0.5 for
negatively selected mutations and a single spike for positively selected mutations
with selection strength N.s,=10 and probability density p, = 0.03, which is similar to
what has been observed for protein-coding genes in D. melanogaster (Schneider et
al. 2011). We observed results very similar to those we obtained by assuming only
negative selection; Figure 2.1B). Therefore fitting a demographic model to the

neutral sites appears to be sufficient for controlling the effects of linkage in
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producing spurious evidence of a bimodal DFE.
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Figure 2.1. The effect of (A) background and (B) positive selection on producing
spurious evidence for a bimodal DFE for various levels of linkage. (C) The effect of

linkage on the power to detect a bimodal DFE. AlogL between the 3-step and gamma
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model is shown for a range of recombination rates (4/N.»). Upper and lower panels
contrast the results when fitting a demographic model to the neutral sites (the
simulated population size is constant).

Thirdly, we investigated whether linkage could affect our power to detect a
multimodal DFE with the non-parametric steps model. We simulated a bimodal
2-spike DFE with N s, =0, N, s,=10 with probability densities p,=0.2, p,=0.8,
respectively. We found that strong linkage can reduce the AlogL between 3-step and
gamma models (Figure 2.1C; upper panel). The results were similar when we also
fitted a demographic model of a step change to the neutral sites (Figure 2.1C; lower
panel). Therefore, a true bimodal DFE would be harder to detect in genomic regions

that exhibit strong linkage.

2.4.3 Analysis of protein polymorphism datasets from D.

melanogaster and M. m. castaneus.

To account for demographic effects on our inferences of selection we fitted a step
change in population size to synonymous sites. The step change model inferred a
population expansion for both D. melanogaster and M. m. castaneus (Table 2.4) and
fitted the data very well (Figure 2.1). Note that the size of the expansion (N./N;)
predicted for the two species is the same (2.79; Table 2.4). This is because the
method employed searches a sparse parameter space consisting of only a few

possible values for N»/N,, in order to make calculations less computationally
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intensive (see also methods section).
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Table 2.4. The demographic and selection parameter estimates obtained from the analysis of protein-coding loci in D. melanogaster and M.

m. castaneus. The inferred parameters for the lognormal and beta model are given unscaled by N.=N,.

Demography Selection

SpGClGS Ng/N] l/N] va Model ,u/a/k1 O'/b/kg NgS] NeSg NeS3 P p:2 Ps3 P4 Ps f()
Log-normal  -2.9 4.9 - - i - - - - - 0.85
Gamma  1.6X10* 0.33 - - - - - - - - 085
Beta 0.14 0.023 - - - - - - - - 0.85
D. melanogaster 2.79 0.11 110 g o ke 3) - - 5.6X107° 5.1 296 0.063 0.10 - - - 085
Best step (2) - - 2.4 653 - 0.12 0.88 - - - 0.85
6-fixed - - - - - 0070000 0.48 0.00 0.0850.85

spikes
Log-normal  -6.1 12 - - - - - - - - 093
Gamma  2.1X107 0.12 - - - - - - - - 093
Beta 0.037 0.011 - - - - - - - - 093
M. m. castaneus 2.79 1.48 182 Best spike (3) - - 2.3X10" 16.4 1056 0.19 0.12 - - - 093
Best step (2) - - 4.8X10° 585 - 0.18 - - - - 093

6-fixed

: - - - - 0.19 0.00 5.3X10% 0.025 0.00 0.93
spikes
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Figure 2.1. The observed site frequency spectrum and the expectation generated by

assuming a stationary and the best-fitting expansion demographic models for D.

melanogaster and M. m. castaneus. The expansion model was fitted to the

synonymous site data.
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We then fitted the lognormal, gamma, beta, variable spike, variable step and fixed
6-spike models to nonsynonymous sites to infer selection. For each dataset, we
computed AlogL, AAIC scores, the proportions of mutations falling into four N.s
ranges (0-1, 1-10, 10-100, >100), N,s and # (Table 2.5).

For D. melanogaster, we found that the best-fitting model according to the
AIC criterion was the lognormal model, the gamma model having a slightly worse fit
(4A4IC from the lognormal was -5.1 units; Table 2.5). However, the estimated
proportion of mutations in the N.s ranges examined, N, s and # were very similar
between these two models (Table 2.5). All models estimate that ~2-7% of new
mutations are nearly neutral (N.s 0-1), a further ~4-20% are moderately to strongly
deleterious (N.s 1-100), and ~80-90% are very strongly deleterious (N.s >100). The
beta and 6-fixed spikes models gave a substantially poorer fit than the lognormal
model (441C to lognormal was -187 units; Table 2.5). The main discernible
difference was a ~10 times lower estimated N, s for the beta and 6-fixed spikes
models than the lognormal model. The beta and 6-spikes models do not allow
selection strength N.s>N. and their poor fit may be a consequence of a substantial

proportion of mutational effects lying in that range.
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Table 2.5. Log-likelihood and A/C score differences from the highest scoring model, the estimated proportion of mutations falling
into four N,s ranges, the estimated mean effects of a new mutation ( NV, s ), estimated mean probability of fixation of a new mutation ( i )
and estimates of o and w,, obtained from the analysis of protein-coding loci in D. melanogaster and M. m. castaneus. The best-scoring
model according to the A/C criterion is highlighted in light grey. Only results for the best-fitting spike and step models, based on the A/C

criterion, are shown.

N s
Speci Model  AlogL AAIC -
pecies ode 0g [0-1) [1-10) [10-100) >100

Lognormal -0.8 0.0  0.044 0.064 0.11 0.78 1359.2 0.050 0.62 0.082

Gamma -3.3 =51 0.049 0.055 0.12 0.78 1624.1 0.054 0.59 0.079

Beta -94.2 -187.0 0.064 0.025 0.043 0.87 94.6 0.066 0.50 0.067

D. melanogaster Best spike (3) 0.0 -4.5  0.063 0.00 0.10 0.84 2752 0.063 0.52 0.069
Beststep (2) -3.2 -7.0 0.023 0.097 0.058 0.82 2894 0.039 0.70 0.10

68-;11){(:3 -72.3 -144.6  0.070 0.00 0.048 0.88 96.8 0.070 047 0.063

Lognormal -239 -41.8  0.17 0.052 0.061 0.72 12989 0.16 0.30 0.070

Gamma  -21.2 -364 0.17 0.050 0.065 0.71 1840.1 0.16 0.29 0.069

Beta 44 -29 0.18 0.016 0.022 0.78 1412 0.18  0.22  0.052

M. m. castaneus Best spike (3) 0.0 0.0 0.19 0.00 0.12 0.69 7554 0.19 020 0.047
Beststep (2) -2.8 -1.6 0.18 0.0098 0.10 0.71 2374 0.19  0.20 0.047

6-fixed
spikes

N,s u a W,

29 58 0.19 0.0053 0.02 0.78 1426 0.19 020 0.046
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For M. m. castaneus, the best-fitting model according to the AIC criterion was

the 3-spike model (Table 2.5). The estimated parameter values were N s,
=2.3X10", N, s, =16.4, N,s, =1056, with probability densities p;=0.19, p=0.12,
p3=0.69, respectively (Table S3). The 6-fixed spike, 2-step and beta models fitted
only slightly worse than the 3-spike model, while the lognormal and gamma models
had substantially worse fits (Table 2.5). The parameter estimates of the 3-spike
model together with the good fit of the beta model support a bimodal DFE in M. m.
castaneus. The DFE is inferred to have a peak at near neutrality (N.s 0-1) of density
~20%, and another peak at very strongly deleterious to lethal effects (N.s >100) with
density ~70% (Table 2.5). Intermediate effects (N.s 1-100) are inferred to have a
density of ~10% (Table 2.5).

The average fixation probability of a new deleterious mutation ( # ) is an
important quantity, since it can be used to estimate the fraction of adaptive
substitutions between two species (Keightley and Eyre-Walker 2009). We calculated
o and o, (equations 2.10 and 2.11) by using the estimated # for each model (Table
2.5). For D. melanogaster, we obtained values of o in the range 0.47-0.7 and w,
0.063-0.1 from the different models (Table 2.5). For M. m. castaneus, the lognormal
and the gamma models gave slightly lower estimates for # and therefore higher
estimates for a and w,(0.30 and 0.070, respectively; Table 3) than the best-fitting

3-spike model (0.20 and 0.047, respectively; Table 2.5).



Chapter 2. A Comparison of Models to Infer the Distribution of Fitness

Effects of New Mutations. 81

2.5 Discussion

In this study, we have examined the performance of several models incorporating
parametric and non-parametric distributions for inferring the properties of the DFE.
Since the true DFE is of unknown complexity, and can have multiple modes, our
purpose was to examine the performance of the different models when the true DFE
was unimodal, bimodal or multimodal. We investigated parametric distributions,
including the unimodal lognormal and gamma distributions, which are widely used
to model the DFE, and the beta distribution, which can also take a bimodal shape. We
also examined the performance of custom non-parametric models, including
discretised distributions, where the selection coefficients are modelled as point
masses, or uniform distributions, that are either variable or fixed.

For cases where the true DFE was a gamma distribution, a spike or step
model with 2 or more classes performed almost as well as the gamma model. When

the true DFE was a bimodal beta distribution, we found that the lognormal and
gamma models fitted poorly, and produced inaccurate estimates of N, s, # and the
density in several N,s ranges, most notably mutations with N.s>100. When we
simulated a more complex DFE, the biases affecting estimates of N, s and # from
the lognormal and gamma models were not as pronounced.

Accuracy in estimating N,s and i seems to depend mostly on the density
of the extreme tails of the DFE, irrespectively of its complexity. In our simulations,

we frequently observed that a particular model could have a good overall fit, but
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perform relatively poorly for parts of the DFE that are crucial for estimating N _s or

u . For example, we consistently observed that # was not estimated with high
accuracy if the models fitted were different from that simulated. Presumably, the SFS
contains limited information about mutations with very small selective effects in the
N.s range 0-1 implying that estimation of # strongly depends on the properties of
the distribution assumed. Since # can be used for calculating the proportion of
adaptive substitutions (a) and the rate of adaptive evolution (®,), underestimation of

u would lead to overestimation of a and w, (and vice versa). When we examined a
series of bimodal DFEs in which we varied the locations and densities of the two
modes of the DFE, we observed substantial underestimation of # by the gamma
model for cases where one mode of the DFE was at N.s=0 with density <30% and the
other mode was at a weakly to moderately deleterious effect with density >70%.
Therefore, if the true DFE is bimodal, underestimation of # by the gamma model
would be expected for genomic regions where most of the sites are under selection,
such as protein-coding genes or conserved non-coding elements (CNEs), but not for
genomic regions where most of the sites are evolving neutrally such as UTRs and
introns.

We also applied the parametric and non-parametric models to infer the DFE

for amino-acid-changing mutations in D. melanogaster and the house mouse M. m.
castaneus, based on data from several thousand autosomal protein-coding genes. In
D. melanogaster, we found that the lognormal model gave the best fit to the data, a

result that is consistent with a previous study (Loewe and Charlesworth 2006). The
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estimate for N,s was 1360 by the best-fitting lognormal model. This estimate is

similar to estimates obtained from a smaller dataset of Shapiro et al. (2007) analysed
by Keightley and Eyre-Walker (2007). If we assume that the DFE for amino-acid
changing mutations in Drosophila is lognormal, and that N, is of the order
0.7x10° (Halligan et al. 2010), then the mean selection coefficient of new
deleterious amino-acid changing mutations for D. melanogaster is of the order
2Xx107° . We also estimate that a and «, are 0.62 and 0.082, respectively.

Reassuringly, the choice of the distribution to model the DFE does not strongly affect
u and consequently a and w,. Regardless of the model assumed, 0>0.47 and
@,>0.063, supporting the presence of highly effective positive selection in D.
melanogaster, as several other researchers have inferred (Sella et al. 2009).

In M. m. castaneus, we found that a 3-spike model gave the best fit to the
SFS. The beta distribution also fitted almost as well as the 3-step model, while the
lognormal and gamma models gave substantially poorer fits. These observations
suggest that the DFE for new deleterious amino-acid changing mutations in M. m.
castaneus 1s bimodal, with 20% of the distribution's density attributable to weakly
deleterious mutations (N.s 0-1), and 70% to very strongly deleterious mutations
(N.s>100). We also obtained estimates for a and w,, of 0.20 and 0.046, respectively.
We observed differences among the estimates of a and w, between different models,
the lognormal and gamma models producing higher estimates than the best-fitting
3-spike and beta models. Underestimation of # by the gamma and lognormal

models was observed in simulations where the true DFE was a bimodal beta of
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similar properties to the inferred DFE for M. m. castaneus. It seems likely that fitting
a lognormal or a gamma distribution to the DFE leads to overestimation of a and w,.
Halligan et al. (2010), who fitted a gamma distribution to a small gene sample from
M. m. castaneus, obtained larger estimates for a (¢=0.37 for non-CpG-prone sites
and using rat as outgroup) than those obtained in the present study.

There are some potential caveats to our study. Firstly, our models do not
incorporate genetic linkage in the inference method. We investigated whether linkage
and background or/and positive selection can affect inferences from the models
tested, and found that under moderate linkage, spurious evidence for multimodality
can be produced (assessed by a better fit of spike/step models to data than unimodal
distributions). We can take account of the effects of linkage, however, by fitting a
simple demographic model to the neutral class of sites (as is also suggested by
Messer and Petrov 2013). Secondly, our 2-epoch demographic model is not suftficient
for complex demographic histories, such as bottlenecks. Assuming a more realistic
population history of a long-lasting bottleneck followed by a rapid expansion, we
found that the spike/step models can overfit the data, producing spurious evidence
for multimodality of the DFE. Therefore, when inferring the DFE using spike/step
models it is necessary to fit a 3-epoch model to data from populations that have
experienced bottlenecks. A 3-epoch model can be incorporated into the inference
procedure of our method, but due to computational limitations it was not feasible to
investigate its performance in simulations. However, a 3-epoch model fitted only

slightly better to the folded synonymous SFS for D. melanogaster and M. m.
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castaneus than a 2-epoch model (4loglL between the 2-epoch and 3-epoch model was
3 and 7, respectively; result not shown). Moreover, other demographic scenarios such
as population subdivision have previously been shown not to produce biases in the
estimates of the DFE. Note that the population samples that we examined are most
likely from single, non-subdivided populations. The regions with evidence of
admixture have been filtered-out for the D. melanogaster sample (see methods) and a
previous study has shown no evidence for population structure for the M. m.
castaneus sample (Halligan et al. 2010). Therefore, we do not expect a substantial
effect of a complex demographic history on our inferences of selection in these
populations. Thirdly, the fact that we infer a bimodal DFE for M. m. castaneus does
not necessarily rule out a more complex DFE. It appears that there is limited
information in the SFS, and our simulations indicate that at best 3 modes can be
inferred, even for very large datasets. It is likely that the precise shape of the DFE
cannot accurately be determined based on SFS data alone, as has been shown for the
demographic history of a population (Myers et al. 2008).

In conclusion, we have shown that the DFE can be modelled reliably by
non-parametric discretised models such as the spike and step models. The fit of these

models is expected to be as good or better than parametric distributions, such as the
gamma. They produce accurate estimates of the important parameters, notably N s

and # , and increasing the numbers of alleles sequenced will increase their
performance. These models can also help in determining whether the DFE has

multiple modes. We note that we have examined only one particular case of each



Chapter 2. A Comparison of Models to Infer the Distribution of Fitness

Effects of New Mutations. 86

type of distribution (unimodal, bimodal, multimodal) and we do not consider the
particular simulated examples as representatives of all possible unimodal, bimodal
and multimodal distributions. However, our results are relevant in showing the
limitations of fitting relatively inflexible distributions, such as the gamma
distribution to the DFE, and illustrate the advantages of using a more general model
such as the spike or step model to infer the DFE. Fitting the spike or the step model
with different numbers of classes of mutational effects can be informative about the
complexity of the DFE and identifying which N.s ranges we have little information

on.



87
Chapter 3. Selection on genes and

non-coding DNA in house mice

The work presented in this chapter has been published as a research paper:
Kousathanas A, Oliver F, Halligan DL, Keightley PD. 2011. Positive and negative
selection on noncoding DNA close to protein-coding genes in wild house mice.

Molecular Biology and Evolution 28: 1183 —1191.

I present the work as published with small modifications. AK analysed the data and
wrote the paper. FO conducted the sequencing experiments. DLH constructed the
sequence alignments. DLH and PDK provided comments on previous versions of the

manuscript.

3.1 Summary

During the past two decades, evidence has accumulated of adaptive evolution within
protein-coding genes in a variety of species. However, with the exception of
Drosophila and humans, little is known about the extent of adaptive evolution in
non-coding DNA. Here, we study regions upstream and downstream of
protein-coding genes in the house mouse Mus musculus castaneus, a species that has
a much larger effective population size (N.) than humans. We analyze polymorphism

data for 78 genes from 15 wild-caught M. m. castaneus individuals, and divergence
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from a closely related species, Mus famulus. We find high levels of nucleotide
diversity and moderate levels of selective constraint in upstream and downstream
regions compared to non-synonymous sites of protein-coding genes. From the
polymorphism data, we estimate the distribution of fitness effects (DFE) of new
mutations, and infer that most new mutations in upstream and downstream regions
behave as effectively neutral and that only a small fraction are strongly negatively
selected. We estimate the fraction of substitutions that have been driven to fixation
by positive selection (o) and the ratio of adaptive to neutral divergence (w,). We find
that a for upstream and downstream regions is much lower than o for
non-synonymous sites. However, w, estimates are very similar for non-synonymous
sites and upstream and downstream regions. We conclude that negative selection
operating in upstream and downstream regions of M. m. castaneus is weak, and that
the low values of a for upstream and downstream regions relative to
non-synonymous sites are most likely due to the presence of a higher proportion of

neutrally evolving sites and not due to lower absolute rates of adaptive substitution.

3.2 Introduction

In recent years, the search for evidence of adaptive evolution at the molecular level
has been at the forefront of genetics research. A principal motivation has been to
identify regions of the genome that have experienced adaptive evolution, since this
might provide clues to their functional importance and may be informative about the
features that make each species unique.

There have been a wealth of studies focusing on amino-acid changes in
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protein-coding genes. Studies in Drosophila, employing variants of the
McDonald-Kreitman (MK) test (McDonald and Kreitman 1991), suggest that a high
proportion of amino acid substitutions are adaptive (o, the proportion of substitutions
that have been fixed by positive selection is 50% or more) (Smith and Eyre-Walker
2002; Sawyer et al. 2003; Bierne and Eyre-Walker 2004; Welch 2006; Shapiro et al.
2007; Eyre-Walker and Keightley 2009), whereas in humans similar studies have
produced low estimates of a (0-20%) (The Chimpanzee Sequencing and Analysis
Consortium 2005; Zhang and Li 2005; Boyko et al. 2008; Eyre-Walker and
Keightley 2009). These contrasting results between Drosophila and humans have
been interpreted to be a consequence of different effective population sizes (N.), i.e.
the small N, of the hominid lineage could have resulted in reduced efficacy of natural
selection. Other evidence points to a positive relationship between o and recent N..
For example, a for protein-coding genes has been estimated to be 50% or more in
enteric bacteria, which have a large N, (Charlesworth and Eyre-Walker 2006), close
to zero in Arabidopsis (A. lyrata and A. thaliana), which have small N, (Foxe et al.
2008), and about 40% in Capsella grandiflora, a species that is closely related to 4.
thaliana (divergence time ~10 MYA) and has a larger N, (Slotte et al. 2010). A
recent study of the house mouse M. m. castaneus, which has N, comparable to
Drosophila, produced a high estimate of a for protein-coding genes (~50%)
(Halligan et al. 2010), again suggesting N, as a determinant of the efficacy of positive
selection across taxa. However, the possible relationship between a and recent N, has
been a controversial issue in the literature. A recent study of several species with

varying N, has found a positive correlation between a and recent N, (Gossmann et al.
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2012),while another found no significant correlation between these variables (Gayral
et al. 2013).

Estimates of the frequency of adaptive nucleotide substitution in non-coding
DNA are currently restricted to Drosophila and humans. In Drosophila, estimates of
a for 5' and 3' untranslated regions (UTRs), are nearly as high as for protein-coding
genes (50% or more; Kohn et al. 2004; Andolfatto 2005; Haddrill et al. 2008) and for
introns and intergenic regions are relatively low (~10-20%; Andolfatto 2005;
Haddrill et al. 2008). In humans, estimates of a for non-coding regions upstream and
downstream of protein-coding genes are close to zero (Keightley, Lercher, et al.
2005; Eyre-Walker and Keightley 2009).

In this study, we investigate positive and negative selection operating on
non-coding regions upstream and downstream of the protein-coding genes in a
sample of the house mouse M. m. castaneus that were previously studied by Halligan
et al. (2010). We study regions upstream and downstream of protein-coding genes,
because they are known to be enriched for regulatory elements (Xie et al. 2005;
Veyrieras et al. 2008), and are implicated in the control of transcription and
translation (Gray and Wickens 1998; Shabalina and Spiridonov 2004). Previous
studies in murids have shown that ~30% of sites in 5'- and 3'-UTRs and ~10% of
sites that are within the first 3 to 5 kb upstream and downstream of the transcription
start and stop codon, respectively, are subject to negative selection (Keightley,
Lercher, et al. 2005; Gaffney and Keightley 2006). Here, we perform a more
thorough investigation of negative selection operating in upstream and downstream

regions, by estimating the full distribution of fitness effects of new mutations (DFE).
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We then proceed to investigate positive selection by estimating o using a method that
attempts to account for the presence of slightly deleterious mutations: the DFE is
used to predict the expected divergence between two species caused by the fixation
of neutral and slightly deleterious mutations, and is compared with the observed
divergence (Eyre-Walker and Keightley 2009). The difference between the observed
and expected divergence is used to estimate the amount of adaptive divergence and a.
We also estimate w,, the rate of adaptive divergence relative to neutral divergence,
which allows us to better compare rates of adaptive evolution between species, by
controlling for the effects of N, on the numbers of effectively neutral substitutions

(Gossmann et al. 2010).

3.3 Materials and Methods

Sampling of mice. We analyzed 15 M. m. castaneus individuals sampled from 4
regions south of the Himalayas in the Himachal Pradesh state of India. Tests for
population structure or admixture have been conducted in a previous study (Halligan
et al. 2010) on this population sample using the program Structure (Pritchard et al.
2000). These tests had shown no significant evidence for population subdivision
(Halligan et al. 2010). Therefore, we consider that our sample is from a single
non-subdivided population.

We also generated sequence data from a M. famulus individual originating from India
that was previously obtained from the Montpellier wild mice genetic repository
(http://www.isem.cnrs.fr/spip.php?article4777). A more detailed description of the

sampling of the mice can be found in Halligan et al. (2010).
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Choice of genes. We analyzed 78 autosomal genes from M. m. castaneus whose
human orthologs have also been sequenced as part of the Environmental Genome
Project (EGP) (Livingston et al. 2004). The EGP dataset is enriched for genes that
are involved in pathways for DNA repair, cell cycle control, drug metabolism, and
apoptosis and is therefore non random (Livingston et al. 2004). The genes were
chosen if there were African human polymorphism data available; this enabled us to
more directly compare the results in humans with mice.

As part of this study, we successfully sequenced upstream and downstream
regions for 49 and 51 genes respectively in 15 M. m. castaneus individuals and one
M. famulus individual. We designed primers to amplify the upstream region of each
gene, which lies approximately up to 500 bp upstream of the first codon of the first
exon, as annotated in the reference mouse genome. Similarly, to amplify the
downstream region of each gene, we designed primers that captured the region that
lies approximately up to 500 bp downstream of the stop codon of the last exon in the
reference mouse genome. We chose to sequence ~500 bp upstream and downstream
of protein-coding genes, since evidence from studies of selective constraint,
regulatory motifs and expression-QTLs suggest that there is a high density of
functional elements in these regions (Xie et al. 2005; Gaftney and Keightley 2006;
Veyrieras et al. 2008). Additionally, the interpretation of sequences further upstream
and downstream from these regions was made more difficult by frequent indel
variation, making calling of SNPs problematic. Details of the genes analyzed in this

study and the upstream and downstream regions that were successfully sequenced are
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given in Appendix A.3.1.

Note that we chose not to restrict our analyses to those genes for which
upstream, downstream, exonic and intronic sequence data were all available because
the smaller samples for intronic (65), upstream (49) and downstream (51) site classes
are unbiased in relation to the larger dataset for exonic sequence (78). Moreover, for
most genes we have both upstream and downstream sequence data (Appendix A.3.1).
Additionally, in analyses where a putatively neutral (i.e. synonymous or intronic
sites) and a selected class (i.e. non-synononymous, upstream or downstream) were
required, we only analyzed genes for which both the neutral and the selected class
were sequenced.

In this study, we have updated the dataset of Halligan et al. (2010) with new
exonic and intronic sequence of the 78 genes. Instead of using the Halligan et al.
(2010) dataset, we analyzed the updated exonic and intronic datasets, since we had
~20% new exonic sequence data and ~60% new intronic sequence data. The
differences between the Halligan et al. (2010) dataset and the updated dataset used in

this study are shown in Appendix A.3.2.

Sequencing. GoTaq DNA polymerase (Promega) was used in touchdown-style PCR
reactions: an initial denaturation step of 95°C for 15 minutes, followed by 28 cycles
of 95°C for 30 seconds, 62°C for 45 seconds (reducing by 0.5°C every cycle), 72°C
for 2 minutes, then 12 cycles of 95°C for 30 seconds, 52 °C for 45 seconds and 72°C
for 2 minutes, with a final extension step at 72°C for 10 minutes. ExoSAP-IT (USB)

was used for the purification of PCR products. If we obtained non-specific PCR
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products, we designed new primers to try to increase the specificity. Sequencing was
done using Big Dye Terminator Sequencing Kits (Applied Biosystems) on an ABI
Prism 3730 DNA Analyzer, and both forward and reverse sequences were generated.
CodonCode Aligner version 2.0.6 was used to analyze and detect variants
(http://www.codoncode.com/aligner/). We used the Phred computer program, as
employed in CodonCode Aligner to assess sequence quality. Sequences had an
average Phred score of >60. All sequence traces were manually checked. Sites with a
Phred score <30, which could be low quality sequence or heterozygotes, were
manually checked but were not automatically excluded, in order to avoid excluding
heterozygotes. Where sequence was found to be too low quality, due to multiple
indels or repetitive regions, new amplicons were produced on either side of the
difficult to sequence area. Such difficult to sequence areas were replaced by ‘N’s
before further analysis. We used CodonCode Aligner to identify and analyze
heterozygous indels and we checked very carefully SNPs that were not at
Hardy-Weinberg equilibrium. Finally, we generated alignments of the 15 M. m.
castaneus, the M. famulus individual and the M. m. musculus reference sequence

using CodonCode Aligner, and checked all alignments by eye before further analysis.

Sequence processing. We obtained orthologous Rattus norvegicus sequences for
each amplicon using a reciprocal-best-hits BLAST approach. To do this, we
BLASTed the mouse reference sequence (mm9) for each amplicon, plus 200 bp of
flanking DNA, against two different assemblies (labelled "standard" and

"alternative") of the rat genome and searched for a reciprocal-best-hit. If we failed to
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find a reciprocal-best-hit for the standard assembly, we searched the alternative
assembly. Both assemblies were downloaded from UCSC genome browser; the
standard was produced by the Baylor College of Medicine Human Genome
Sequencing Center (BCM-HGSC) as part of the Rat Genome Sequencing
Consortium, and the alternative was produced by Celera Genomics. If we failed to
identify an ortholog via the reciprocal-best-hits approach, we checked the relevant
section in the “multiz30way” whole genome sequence alignments of 30 vertebrates
(http://genome.ucsc.edu/). We considered sequences to be orthologous if the
sequence of interest was located entirely within a single unbroken alignment for
mouse and rat. We realigned all alignments obtained by either method using MAVID
(Bray and Pachter 2004) and then subsequently checked them all by eye. Any
obviously mis-aligned sections identified when checking by eye were masked from
any further analysis. Using this procedure, putatively orthologous rat sequences were
obtained for at least part of every mouse amplicon.

We constructed alignments for each amplicon between the mouse
reference (mm9) sequence, the sequences from all M. m. castaneus individuals, M.
Jfamulus and rat. We annotated sites according to the mouse reference genome into
the following categories: 5', 3', intron or coding. Within the coding category, sites
were categorised as 1st, 2nd or 3rd positions as well as the level of degeneracy in the
genetic code (zero-fold-, two-fold-, or four-fold-degenerate). We excluded potential
splice sites of introns (defined as the first 6bp or last 16bp of an intron) from any
analysis. We also categorised sites on the basis of their CpG-prone status (defined as

being preceded by a C or followed by a G in any species).
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Summary statistics. We assume that segregating polymorphisms are biallelic. If
there were more than two alleles segregating at a site we only consider the two most
frequent alleles. We calculated two statistics for nucleotide diversity, 7 and
Watterson's 0 (6,,):

Let the site frequency spectrum (SFS) of a class of sites be the vector v,
containing i (0 <i < n) segregating alleles in a sample of » alleles from the

population. Then x and 6,, are calculated as follows:

3.1)

Hw: = 11 (3.2)

(Watterson 1975; Tajima 1983)

For our dataset, given that we sequenced both chromosomes of each of the 15 M. m.
castaneus individuals, the sampled number of alleles (7) was 30 if the sequencing
was successful for every individual. However, due to sequencing failures, our dataset
did not contain 30 sequenced alleles for each site, so we calculated composite
estimates of 7 and 6,.. We calculated 7 and 6,, for sites that had the same number of
alleles sequenced (categories of coverage) and then calculated a weighted average

across categories of coverage as per Halligan et al. (2010).
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For a population at Wright-Fisher equilibrium, and assuming no selection, 7=
and 6, estimates are expected to be equal to one another. They are expected to differ,
however, if there is a skew in the SFS towards low or high frequency alleles. The
level of skew can be quantified by the Tajima's D statistic (Tajima 1989). However,
to calculate D, there needs to be an equal number of alleles sequenced at each site.
We therefore rejected any sites where we had fewer than 20 alleles sequenced. We
then sampled without replacement 20 alleles from each of the remaining sites, such
that the number of alleles sampled at each site was constant. We bootstrapped by
gene with replacement 1000 times to perform statistical comparisons of D between
different classes of sites or with zero.

Nucleotide divergence (d) between M. m. castaneus and both M. famulus and
rat was calculated using the Kimura 2-parameter correction (Kimura 1980). We had
multiple sequences for M. m. castaneus, so we computed an average divergence. We
calculated evolutionary constraint C by comparing substitution rates at a putatively
neutral and a selected site class. We use substitution rates at neutral sites to estimate
expected numbers of subtitutions at selected sites. Expected (E,) and observed (O.)
numbers of substitutions are compared, and constraint is calculated as C; = 1 - OJ/E,
(Eyre-Walker and Keightley 1999; Keightley and Gaffney 2003). We distinguish
evolutionary constraint calculated using divergences and polymorphism (see below)
by denoting them as C,and C,, respectively. We used synonymous sites or introns as

the neutral class.

Non-synonymous and synonymous sites. We treated non-synonymous and
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synonymous sites as in Li (1993) and Pamilo and Bianchi (1993): all zero-fold
degenerate sites were treated as non-synonymous and four-fold degenerate sites as
synonymous. At two-fold degenerate sites, transitions were considered synonymous
and transversions non-synonymous. The 1* position of the codons for Arginine
(AGA,AGG,CGA,CGG) was considered two-fold degenerate and the third position
of the codons for Isoleucine (ATT, ATC, ATA) was considered four-fold degenerate.
Unmutated two-fold degenerate sites were divided into non-synonymous and
synonymous by considering the ratio of transitional and trasversional changes (#/%,)
as calculated at four-fold degenerate sites across all genes in a comparison of M. m.

castaneus and M. famulus.

Distribution of fitness effects of new mutations. We employed a maximum
likelihood (ML) approach described by Keightley and Eyre-Walker (2007) to infer
the distribution of fitness effects of new mutations at non-synonymous sites of
coding regions and in upstream and downstream regions as implemented in the
program DFE-alpha (available online at: http://homepages.ed.ac.uk/eang33/).
DFE-alpha assumes two classes of sites, one neutral and one selected, and
contrasts site frequency spectra (SFSs) of the two classes. Fitness effects of new
mutations (s) are assumed to be zero in the neutral class, and unconditionally
deleterious in the selected class, and are sampled from a gamma distribution with
parameters a (scale) and b (shape). It has previously been shown that even in the
presence of slightly advantageous mutations in the selected class of sites, the

estimates of the parameters of the DFE of deleterious mutations will be unaftected
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(Keightley and Eyre-Walker 2010). Additionally, if the true DFE is multimodal, we
could misinfer its properties by fitting a gamma distribution which is unimodal
(Kousathanas and Peter D. Keightley 2013). Multi-modal discretised distribution
models have been previously developed (Chapter 2 in this thesis) that could
potentially be used to account for this possibility. However, our dataset in this study
was very small, which prohibited the use of these parameter-rich models (as
demonstrated in Chapter 2, these models should be used for sequencing efforts of
greater than 1 Mbp of sites and 8 sequenced alleles). Finally the DFE-alpha method
assumes no linkage between sites, but this assumption is likely to be violated for
natural populations. However, it has previously been shown that even in the presence
of strong linkage the parameter estimates for the DFE will be accurate if a two-step
size change is simultaneously fitted to the neutral class (Messer and Petrov 2013;
Kousathanas and Keightley 2013).

DFE-alpha incorporates a simple demographic model: the population at an
initial size N, experiences a step change to N,, ¢ generations in the past. Even though
the demographic model implemented by DFE-alpha is simple, the estimates for the
parameters of the DFE by DFE-alpha have previously been shown to be robust to
more complex demographic histories such as bottlenecks and population subdivision
(Eyre-Walker and Keightley 2009).

We use a constant N, of 100 so that the ratio N./N, i.e. the change in
population size, is actually estimated. An additional parameter, f;, estimates the
proportion of unmutated sites. The parameter space of No/N,, t/N., fo, a and b is

searched to find the values that maximize the likelihood of observing the neutral and
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selected SFSs.

In order to account for variation in the number of alleles at each site, we
generated SFSs for sites that had the same number of alleles sampled in both neutral
and selected classes. We summed the log-likelihoods of each SFS to produce the
overall log likelihood as per Halligan et al. (2010). We interpolated from the
estimated parameters of the gamma distribution, the percentages of mutations that

fall within four N.s ranges: 0 to 1, 1 to 10, 10 to 100, 100 to +oo.

Estimating evolutionary constraint by using polymorphism data. Evolutionary
constraint, calculated using divergences (C,) as explained in the summary statistics
section, will be biased downwards if some fraction of the observed divergence at the
focal class is adaptive. We obtained a second estimate of evolutionary constraint,
which is not subject to such biases, by using information from polymorphism data
only (C,). We first estimate the average fixation probability of new deleterious and
neutral mutations relative to the fixation probability of neutral mutations () at the

focal class by integrating over the DFE, as in (Eyre-Walker and Keightley 2009):

a=[ 2Nu(N,s)f [s|a,b)ds (3.3)
0

where (u (I, s), is the fixation probability of a new deleterious mutation (N is

assumed equal to V,) .

C, can then be calculated as:
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C,=1-u (3.4)

Quantifying adaptive evolution. To estimate the proportion of adaptive
substitutions (a), approaches based on the McDonald-Kreitman test are frequently
used (Eyre-Walker 2006). However, these approaches do not take into account
slightly deleterious mutations, which contribute proportionally more to
polymorphism than divergence and therefore can lead to underestimates of a. They
also ignore demographic history, which can be problematic, since a population size
change in the past could produce evolutionary signatures similar to selection. A
recent extension of the McDonald-Kreitman test (DFE-alpha; Eyre-Walker and
Keightley 2009) attempts to take into account both slightly deleterious mutations and

population demography.

The nucleotide divergence of the neutral class (ds) is assumed to be
proportional to the mutation rate, and divergence due to deleterious mutations in the
selected class is the product of the mutation rate and the average fixation probability
of a new deleterious mutation (). We can estimate the expected divergence (d..) in

the selected class due to neutral and deleterious mutations as:

d =du (3.5)

The difference between the observed (dx) and estimated divergence (d.),

estimates the amount of adaptive divergence (duigpive) in the selected class (X). If we
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scale d.iapive Y dy we obtain a, the fraction of adaptive substitutions in the selected

class:

_ dadap[ive
a== (3.6)

However, as noted by Gossmann et al. (2010), caution should be exercised
when comparing estimates of o from different species or regions of the genome.
Differences in the estimates of a could reflect differences in the contribution of
slightly deleterious mutations to dx rather than different rates of adaptive substitution.
We can control for differences in the frequency of effectively neutral mutations in the

selected class by computing w,, the ratio of duapive to ds:

_ dadaptive
0= (3.7)

We also estimated o using a simple but frequently used method (Fay and Wu

2001; Smith and Eyre-Walker 2002):

Dy Py
= 1 “D.p (3.8)
xLs

where Dy and Ds are counts of divergent sites between M. m. castaneus and an
outgroup species for selected and neutral site classes respectively and Py and Ps
counts of polymorphic sites for selected and neutral site classes respectively.
Confidence intervals and standard error for all parameters were obtained by
bootstrapping 1000 times by gene. P values, computed for comparisons between site

classes or with zero, were obtained by two-tailed bootstrap tests.
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Assumption of neutrality for synonymous sites and introns. To calculate selective
constraint, the DFE, a and w,, we needed to use a neutrally evolving class of sites.
We used two classes of sites as the neutral class: synonymous sites and introns.
Current evidence from comparisons of the evolutionary rate of these site classes with
ancestral repeats and pseudogenes in murids suggests that they experience overall
very small selective constraints (Eory et al. 2010). Also note that we excluded
potential splice sites of introns (defined as the first 6bp or last 16bp of an intron)
from the analysis, since those have been documented to be under moderate selective
constraint in mammals (Gaffney and Keightley 2006). Therefore we do not expect to
substantially underestimate the strength of selection on non-synonymous sites and
up/downstream non-coding regions by using synonymous sites or introns as the
neutral standard. Moreover, since we used the same neutral classes for inferring
selection on non-synonymous sites and up/downstream non-coding regions, we do
not expect our estimates for the relative strength of selection between these classes of
sites to be affected by a violation of the assumption of neutrality for synonymous

sites or introns.

3.4 Results

3.4.1 Data and summary statistics

Description of data. Our dataset consists of sequences from 78 autosomal genes

from a sample of 15 wild, unrelated M. m castaneus individuals sampled from NW
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India. Part of the coding region of these genes and partial introns were sequenced in
a previous study (Halligan et al. 2010). In this study, we focus on regions directly
upstream and downstream of the coding region of these genes. We successfully
amplified and sequenced ~500 bp upstream and downstream from the start and stop
codon for a subset of 49 and 51 genes, respectively (Table 3.1). We have also
updated the dataset of Halligan et al. (2010) by obtaining additional exonic and
intronic sequence for the 78 genes and we compared our results from non-coding
DNA to results from these new data. We successfully sequenced 20 alleles or more
for ~90% of the sites (Table 3.1). We also sequenced the orthologous genes in a M.
Jfamulus individual, which we used together with the rat as an outgroup to estimate
divergence, selective constraint, o and w..

Table 3.1. Details of genes sequenced and percentages of sites sequenced for all 30

alleles and for at least 20 alleles.

Mean no. % sites sequenced

Site class No. No. sites sites per gene 30 >20
genes
[SD] alleles  alleles

NO“‘S-‘{lnsonymo 78 34,532 443 [160] 60 95
Synonymous 78 13,056 167 [63] 60 94
Intron 65 43,672 672 [413] 45 88
Upstream 49 25,303  516[132] 50 93
Downstream 51 26,622 522 [182] 57 91

Summary statistics. Nucleotide diversity, Tajima's D, divergence to M. famulus and
rat and evolutionary constraint estimates are shown in Table 3.2. The upstream and

downstream site classes show intermediate levels of nucleotide diversity (7= 0.56%
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in both cases) and divergence to M. famulus (d= 2.49% for upstream and 2.38% for
downstream) compared to non-synonymous sites (7= 0.15% and d= 0.82%), but are
closer to the synonymous site estimates (7= 0.75% and d= 3.27%). Divergence to the
rat is about five times higher than divergence to M. famulus for all site classes.

In contrast to non-synonymous sites, the upstream, downstream and intronic
site classes do not show discernible differences in the shape of their SFSs compared
to synonymous sites (Figure 3.1). Tajima's D estimates, which quantify the skew in
the SFS, are significantly lower from zero for all cases examined, even for
synonymous sites (P<107in all cases examined). A negative Tajima's D indicates an
excess of rare variants, which can be caused by negative selection. However,
population expansion, a prolonged population bottleneck or population subdivision
can also produce a similar pattern. Different mutation rates between the compared
regions could also alter the SFS. For example, CpG dinucleotides have higher
mutation rates in mammals (Arndt et al. 2003) and their frequences differ between
coding and non-coding DNA. However, if CpG-prone sites are excluded, we observe
little changes in the SFS in all cases (Figure 3.1). We calculated evolutionary
constraint C,; by comparing interspecific divergence between the focal site class and
a putatively neutral site class. The estimate for C, is moderately high for upstream
and downstream site classes (24.1% and 28.4% respectively, Table 3.2) and
significantly different from zero in both cases (P=0.004 for upstream; P=0.002 for

downstream).
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Table 3.2. Estimates of percentage diversity (%om, %6,,) summed over all sites for M.

m. castaneus, Tajima's D, percentage divergence (%d) to M. famulus and the rat and

evolutionary constraint (C,) calculated using synonymous sites as the neutral class.

Taiima's % d (M. %d % C,
Site class % [SE] %0, [SE] DJ[SE] famulus) —(rat)y (M.
[SE] [SE] famulus)
[SE]
Non-synonymou  0.15 0.22 -0.93 3.69
S 0.02] 0021 (017 082041 g4 745133
0.75 0.93 -0.53 18.11
Synonymous [0.06] [0.06] 0.12] 3.27[0.21] [0.56] -
0.66 0.83 -0.75 15.61
Intron [0.04] [0.04] [0.09] 2.90 [0.14] 0.42] 12.1[7.2]
0.56 0.71 -0.78 12.2
Upstream [0.05] [0.06] 0.14] 2.4910.21] 0.65] 24.1 [7.1]
0.56 0.69 -0.59 11.78
Downstream [0.06] [0.06] [0.16] 2.38[0.21] [0.78] 28.4[7.7]
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Figure 3.1. Plots of the site frequency spectra for non-synonymous, upstream,
downstream, intron and synonymous site classes for all sites and for non-CpG-prone

sites only. Numbers of polymorphic sites are given in parentheses.
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3.4.2 The fitness effects of new mutations in genes and non-coding

DNA

Inference of demographic history and the distribution of fitness effects of new
mutations. We inferred the distribution of fitness effects of new mutations (DFE)
along with demographic parameters using a maximum likelihood (ML) approach
(Keightley and Eyre-Walker 2007). The demographic model was a step change in
population size, and the selection model was a gamma distribution.

Firstly, we tested whether a model that incorporates demographic change plus
selection (Model 3) fits the data significantly better than a model that assumes only
demographic change (Model 1). The likelihood ratios for this comparison are highly
significant in all cases examined (-AlogL values are reported in Table 3.3; P< 107 in
all cases, with d.f.=2). We also examined a model where we fitted only selection
under constant population size (Model 2). We found that the fit of Model 2 to the
data was significantly poorer than Model 3 in all cases examined ( -A4logL values are
reported in Table 3.3; P< 107 in all cases, with d.f.=2). Therefore, Model 3 which
incorporates both a gamma DFE and a step change in population size best explained
the SFS data.

The ML estimates for the parameters of the demographic model indicated a
population expansion (N./N,=3; Table 3.4), which is consistent with the negative
Tajima's D values for both synonymous and intronic sites (Table 3.2). The ML
estimates for the mean strength of selection on new deleterious mutations (N.E(s))

indicated much stronger negative selection on nonsynonymous sites than upstream or
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downstream regions (Table 3.5), which is consistent with the results on selective

constraint that were obtained from the analysis of interspecific divergence (Table

3.2).

Table 3.3. Likelihood-ratio tests contrasting models fitted to the SFS data when

estimating the distribution of fitness effects. Models fitting only demography (M1) or

only selection (M2) are contrasted with a model that fits both demography and

selection (M3) to the data.

Site class -24logL
Neutral Selected M1 vs. M3 M2 vs. M3
Non-synonymous 312.4 47.2
Syn Upstream 12.4 50.5
Downstream 13.2 43.7
Non-synonymous  412.6 120.3
Intron  Upstream 10.6 116.8
Downstream 12.1 126.0

M1: demography, no selection
M2: no demography, selection

M3: demography and selection
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Table 3.4. Estimates of demographic parameters.

Site class
N. 95%Cl1 t/N; [95%CI
Neutral Selected /N 95%CH 2 D5
Non-synonymous  3.07 [2.31, 6] 0.27[0.1, 0.91]
Upstream 3.07 [2.31, 5.45] 0.2710.1, 0.77]
Synonymous
Downstream 2.79 [2.1, —> o] 0.21 [0.04, 1.32]

Up+Down/stream 3.07 [2.31, 4.09] 0.3910.2, 0.95]
Non-synonymous 3.72 [2.79, — o]  0.68 [0.32, 1.29]
Upstream 3.07[2.31, > o] 0.51[0.25, 1.22]
Downstream 3.07 [2.31, — ] 0.49[0.2, 1.36]
Up+Down/stream 3.07 [2.31, 4.95] 0.23[0.1, 0.49]

Intron

Table 3.5. Estimates of the mean strength of selection N.E(s) and the shape (b)

parameter of the gamma distribution.

Site class
Neutral Selected

Non-synonymous 864 [75.3, 1.52X10']  0.24 [0.06, 0.45]

N.E(s) [95%C]I] b [95%CI]

Upstream 113 [0, 9.76X10°] 0.0510.05, 0.49]
Synonymous
Downstream 22.9 10, 4.11X10°] 0.08 [0.05, 96.4]

Up+Down/stream 102 [0, 6.10X10°]  0.05 [0.05, 0.36]

Non-synonymous 333 [34.4, 1.32X10"]  0.27[0.08, 0.54]
Upstream 13.8 [0, 231] 0.05 [0.05, 0.48]
Intron

Downstream 21.5[0, 336] 0.05[0.05, 0.44]

Up-+Down/stream 14.1 [0, 174] 0.05 [0.05, 0.15]
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Due to the wide confidence intervals of our estimates for N.E(s) (Table 3.6)
and the fact that N.E(s) can be strongly affected by extreme values of the gamma
distribution, we cannot draw strong conclusions on the biological significance of our
estimates for N.E(s). However, when interpolating the density of the distribution in
four categories of selective effects (N.s): 0 to 1, 1 to 10, 10 to 100, 100 to +oo (Table
3.6) we obtained much more narrower confidence intervals. We also calculated
evolutionary constraint C,, a statistic that summarizes the DFE, and is the average
probability of a new deleterious mutation to be lost.

For upstream and downstream sites, most new mutations fall into the
effectively neutral category (N.s, 0 — 1) (69.8% and 67.5% respectively), which is in
sharp constrast and significantly different (P<0.05 for both upstream and downstream
in all comparisons) from the estimate for non-synonymous sites (15.4%). Although
most new mutations in upstream and downstream sequences are effectively neutral,
there is a substantial fraction (21.7% and 19.6% respectively, not significantly
different from zero) of strongly selected mutations (N.s>10) in these regions. %C, is
moderately high for upstream (30.7%) and downstream (33.9%) site classes and is

significantly different from zero only for the downstream site class (P<0.05).
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Table 3.6. Estimates of percentages of mutations in four N.s ranges and evolutionary

constraint estimated from polymorphism (C,).

Percentage of mutations in /V.s range

Site class [95%CI] %C,
[95%CI]
Neutral  Selected 0-1 1-10  10-100  100-
Non-synonymous 15.4 11.4 19.5 53.7 84.7
ynony [9, 23.3] [3.1, 18.6] [3.6,42.1] [27.6,71.8] [75.9,90.8]
Upstream 69.8 8.5 9.4 12.3 30.7
S p [48.1,100] [0, 39.0] [0, 20.3] [0,29.4] [0, 53.3]
n
’ Downstream 67.5 13 13.6 6.0 33.9
[29.1,100] [0, 69.2] [0, 23.6] [0, 28.0] [7.9, 64]
Up+Downstream 70.7 8.6 9.5 11.2 30.0
p [52.6,92.2] [5.9,31.8] [0, 17.7] [0,27.4] [10.4,48.9]
Non-synonymous 1 13.1 24.1 47.8 83.0
ynony [7.8,24.3] [4.4,20.4] [5.3,47.5] [21.8,67.9] [73.7, 89.6]
Upstream 77.6 9.3 9.2 3.8 222
Intron p [56.6,100] [0, 35.2] [0, 15.7] [0, 15.3] [0, 41.3]
Downstream 75.9 9.2 9.5 5.4 33.9
[50.8,100] [0, 30.2] [0, 19.7] [0, 19.9] [7.9, 64.0]
Up+Downstream 77.1 9.3 9.3 4.3 23.1

[63.9,100] [0,21.3] [0,14.5] [0,15.8] [0, 35.9]

3.3.3 Adaptive evolution in genes and non-coding DNA

We then estimated the fraction of substitutions driven to fixation by positive selection
(o) using an extension of the MK test (Eyre-Walker and Keightley 2009). This
method uses neutral divergence between M. m. castaneus and an outgroup (either M.
famulus or rat) along with the distribution of fitness effects, inferred from
polymorphism data of M. m. castaneus, to estimate the expected divergence between

M. m. castaneus and the outgroup. The difference between the observed and the
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expected divergence estimates the adaptive divergence between M. m. castaneus and
the outgroup. a is then calculated by scaling the adaptive divergence by the observed
divergence (see detailed description in the methods).

Estimates of a for the non-synonymous, upstream and downstream site
classes for M. m. castaneus, are presented in Table 3.7. We report moderately low
estimates of a for upstream and downstream site classes (11.8% and 9.3%
respectively), that are not significantly different from zero when using M. famulus as
the outgroup, and synonymous sites as the neutral reference. By combining upstream
and downstream sequences, we obtain a similar point estimate for o (9.3%) and a
narrower confidence interval (-15.4, 36.3), which includes zero but excludes high
estimates of a, and is not significantly different from the estimate for
non-synonymous sites (P=0.078). The point estimates are very similar when using
the rat as the outgroup or intronic sites are used as the neutral reference, but the
confidence intervals are narrower for the latter case, since more data are included.
The estimate for o for combined upstream and downstream sequences is significantly
different from non-synonymous sites when using intronic sites as the neutral
reference (P=0.014 when using M. famulus as the outgroup and P=0.018 when using

the rat as the outgroup).
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Table 3.7. The fraction of substitutions driven to fixation by positive selection ()
and the ratio of adaptive to neutral divergence (w,) estimated using M. famulus and

the rat as outgroups.

% a [95%CI] % @,[95%CI]
Site class outgroup outgroup
Neutral Selected M. famulus Rat M. famulus Rat
Non-synonymous 46.6 43.5 11.9 9.1
[18,67.6] [13.9,64.2] [4.4,18.3] [2.9,13.7]
Upstream 11.8 9.3 9.0 6.6
Synonymous [-19.5,43.8] [-7.2,53.9] [-13.7,35.5] [-4.8, 37.7]
Downstream 9.3 10.5 6.6 7.0
[-28, 64.3] [-19.8,54.7] [-19.5, 48.4] [-13, 36.2]
9.3 6.7 5.2 4.6
UptDownstream ;5 4 36 31 1.10.7. 35.5] [-19.7, 30.6] [-7.1,23.6]
Non-synonymous 54.0 45.4 15.3 10.6
[25.5,74.7] [13.7,67.4] [6.8,22.6] [3.5,16.3]
Upstream 12.6 9.3 10.8 7.3
Intron [-8.3,42.1] [-8.3,40.1] [-6.7,37.1] [-6.2,31.9]
Downstream 9.6 53 7.8 4.1
[-16.5,38.8] [-20.7,25] [-13.3,32.1][-17.1, 18.8]
Up+Downstream 12.5 4.6 5.1 3.5

[-2.3,27.5] [-10.9,17.6] [-13.1,22.4] [-8.3, 13.8]

The different estimates of a between non-synonymous, upstream and
downstream site classes might be due to differences in the rate of slightly deleterious,
rather than adaptive substitutions (Gossmann et al. 2010). In order to take account of
any differences in the slightly deleterious substitution rate between the selected site
classes, we computed the ratio of adaptive divergence to neutral divergence (w,). The
resulting @, estimates are very similar, and not significantly different, for the

non-synonymous, upstream and downstream site classes (11.9%, 9%, 6.6%
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respectively, Table 3.7). These results indicate that the lower estimates of o in the
upstream and downstream site classes compared to non-synonymous sites, could be
due to a higher porportion of the upstream and downstream sites evolving nearly
neutrally, rather than a lower rate of adaptive substitution. The confidence intervals
for w,are very wide when examining upstream and downstream site classes
individually, but narrow down when we combine data from upstream and
downstream site classes (the upper boundary for w, is never higher than 30.6%).
Similarly with estimates for a, when using intronic sites as the neutral reference and
the rat as the outgroup, we get narrower confidence intervals, since more data are
included.

Finally, we used a simple, frequently used approach, to estimate o (Fay et al.
2001; Smith and Eyre-Walker 2002) in order to be able to make comparisons with
studies that have not employed the Eyre-Walker and Keightley (2009) methodology.
We controlled for slightly deleterious mutations by excluding low frequency
polymorphisms (<10%) as suggested by (Fay et al. 2001). By using this method, we
obtained zero or negative estimates of a for upstream and downstream site classes
(Table 3.8), which roughly agree with the estimates we obtained using the

Eyre-Walker and Keightley (2009) methodology.
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Table 3.8. Percent estimates of the fraction of substitutions driven to fixation by
positive selection using a simple extension of the McDonald-Kreitman test (Fay et al.

2001; Smith and Eyre-Walker 2002). We use M. famulus as outgroup.

Neutral e CIaSseslected 7o Grww [SE] % 0rww>10% [SE]

Non-synonymous 11.6 [10.8] 25.6 [13.9]

Synonymous Upstream -4.1[12.8] 1.3[17]
Downstream -7.1[15.1] -6.4 [20.8]
Up+Down/stream -2.4 [11.9] -1.4[14.9]
Non-synonymous 9.5 [10.1] 31.5[11.7]

Intron Upstream 2.3[10.1] 9.8 [11.3]
Downstream 0.8 [8.9] -6.8 [14.5]
Up+Down/stream 2.9 [6.9] 2.2 [7.8]

3.5 Discussion

In this study, we presented results suggesting that sites upstream and downstream of
protein- coding regions in M. m. castaneus are, on average, under weak positive and
negative selection. Several lines of evidence support this conclusion. Nucleotide
diversity values in M. m. castaneus and divergence to M. famulus or rat in upstream
and downstream regions are much higher than for non-synonymous sites, and
slightly but significantly lower than synonymous sites. Evolutionary constraint is
also significantly lower in upstream and downstream regions than for
non-synonymous sites. Tajima's D estimates are not significantly different between
site classes, except for the synonymous and non-synonymous sites comparison,

which suggests either that all site classes investigated are under negative selection or
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that a population expansion or bottleneck has occurred in the past in M. m. castaneus.
Indeed, if we fit a simple demographic model of a step change in population size, we
find evidence for population expansion of M. m. castaneus, which might explain the
negative Tajima's D at synonymous sites. A population expansion might also explain
the negative Tajima's D in upstream and downstream regions. However, a model of a
demographic change plus negative selection fits the data significantly better than a
model of demographic change with no selection or a model with selection only, in all
cases examined. Therefore, we obtained statistically significant evidence for both a
population expansion in M. m. castaneus in the past and negative selection acting on
upstream and downstream regions. The DFE inferred for upstream and downstream
regions implies that most new mutations have N.s values in the range of 0 to 1, but a
small fraction are strongly deleterious. At non-synonymous sites, the pattern is
reversed, and we infer that most new mutations are strongly deleterious. This result
further supports the conclusion that upstream and downstream regions are, on
average, under weak selective constraint compared to non-synonymous sites.

Our low point estimates of o for upstream and downstream regionssuggest
that weak positive selection operates in these regions, compared with that acting on
non-synonymous sites. The estimates for o and w, are not significanly different from
zero. However, the 95% confidence intervals for combined upstream and
downstream regions exclude o values that are higher than ~36%.

In sequencing diploid outbred individuals, regions lying in between
heterozygous indels can be problematical for SNP calling. Our dataset contains less

than 10% of such regions. If such regions are excluded, the estimates for constraint,
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the parameters of the DFE and a are unchanged (result not shown). Another
consideration about our dataset is that because the Environmental Genome Project
(EGP) sample is not a random sample of genes (Livingston et al. 2004), we might
have excluded genes that have high rates of adaptive evolution in upstream and
downstream regions. For example, promoter regions of many neural and
nutrition-related genes in humans have been found to be subject to positive selection
(Haygood et al. 2007). However, a comparison of estimates of o for regions ~500 bp
upstream and downstream of the start and stop codon of protein-coding genes in
humans, obtained with the methodology employed in the present study and using the
EGP and PGA (Akey et al. 2004) datasets, showed no significant differences between
datasets (Eyre-Walker and Keightley 2009). Additionally, a comparison of estimates
of a, obtained with the methodology employed in the present study and using the
EGP, PGA and Boyko et al. (2008) datasets, has shown no significant differences for
non-synonymous sites between datasets in humans (Halligan et al. 2010).

It has been suggested that regulatory non-coding regions might be more
important for evolution than protein-coding genes in primates (King and Wilson
1975). However, studies that have used a simple extension of the McDonald-
Kreitman test (Keightley et al. 2005) and the methodology employed in this study
(Eyre-Walker and Keightley 2009) have estimated that a in upstream and
downstream regions in humans is close to zero. Humans might have low rates of
adaptive substitution in upstream and downstream regions because of their
historically low N.. However, in the current study we also obtain low estimates for a

(~10%; not significantly different from zero) for upstream and downstream regions
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in M. m. castaneus, a mammalian species with a N. much larger than humans
(Halligan et al. 2010). The low estimate of « in upstream and downstream regions in
M. m. castaneus may be due to the sparse distribution of regulatory elements in the
mammalian genome. Therefore, the upstream and downstream sequences we have
focused on, could include a substantial amount of neutral sequence along with some
functionally relevant elements. In order to control for differences between site classes
in the contribution of slightly deleterious mutations to the observed divergence, we
calculated the ratio of adaptive to neutral divergence (w.), and we obtained similar
estimates for non-synonymous, upstream and downstream site classes (~5-10%; not
significantly different from zero). Therefore, upstream and downstream regions of
protein-coding genes in M. m. castaneus appear to have a similar absolute rate of
adaptive substitution with non-synonymous sites. This finding implies that the
difference in the estimate of a observed at non-synonymous sites between humans
(~0-20%) and M. m. castaneus (~50%) might also be due to differences in the
relative proportion of slightly deleterious mutations between the two species. More
specifically, non-synonymous sites in humans might experience more nearly neutral
substitutions than M. m. castaneus but have a similar rate of adaptive substitution as
M. m. castaneus.

Finally, if non-coding regulatory elements are distributed over thousands of
base pairs in the mammalian genome, then the net input of adaptive substitutions to
regulatory regions of mammals could be higher than protein-coding genes.
Eyre-Walker and Keightley's (2009) study in humans and our study in M. m.

castaneus only examined ~500 bp upstream and downstream of the start and stop
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codon, respectively, of a limited collection of protein-coding genes. We suggest that
genome-wide studies of putative regulatory non-coding regions are needed in M. m.
castaneus and humans, so that the role of regulatory regions to adaptation can be

more confidently ascertained.
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Chapter 4. Selection on autosomal and

X-linked genes in house mice

The work in this chapter has been prepared as the following research paper
(submitted in Genetics).
Kousathanas A, Halligan DL, Keightley PD. Faster-X adaptive protein evolution in

house mice.

AK compiled and analysed the data and wrote the paper. DLH performed the SNP
and genotype calling and wrote the text describing the details provided in Appendix

A.4.1. DLH and PDK provided comments on previous versions of the manuscript.

4.1 Summary

The causes of the large effect of the X chromosome in reproductive isolation and
speciation have long been debated. Charlesworth et al. (1987) demonstrated that
X-linked loci are expected to have higher rates of adaptive evolution than autosomal
loci if new mutations are on average recessive. Reproductive isolation should
therefore evolve faster when contributing loci are located on the X chromosome (the
faster-X hypothesis). In this study, we analysed genome-wide polymorphism data
from the house mouse subspecies Mus musculus castaneus and divergence from Mus

famulus and Rattus norvegicus to infer rates of adaptive evolution for autosomal and
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X-linked protein-coding genes. We find significantly faster adaptive evolution for
X-linked genes, particularly for those with male-specific expression, while autosomal
and X-linked genes with female-specific expression evolve at similar rates. We also
estimated rates of adaptive evolution for genes expressed during spermatogenesis,
and found that X-linked genes that escape meiotic sex chromosome inactivation
(MSCI) show rapid adaptive evolution. Our results suggest that faster-X adaptive
evolution is either due to average recessivity of new advantageous mutations or to a
special gene content of the X chromosome regulating male function and
spermatogenesis. We discuss how our results can help to explain the large effect of

the X chromosome in speciation.

4.2 Introduction

The X chromosome has a special role in speciation, harbouring a disproportionate
number of loci contributing to reproductive isolation. This phenomenon, also known
as the “large-X” effect (or large-Z for species where the female is the heterogametic
sex), has been documented in several species of Drosophila, Lepidoptera, birds and
mammals (Coyne and Orr 1989; Coyne 1992; Coyne and Orr 2004). Its causes are
disputed, and several hypotheses have been proposed to explain it (Rice 1984;
Charlesworth et al. 1987; Presgraves 2008: 200). One hypothesis rests on the fact
that the X chromosome is found only in one copy in males, and therefore recessive
mutations on the X are fully exposed to selection. If new advantageous mutations are
partially recessive, X-linked loci are expected to have higher rates of adaptive

evolution than autosomal loci, (“faster-X”” hypothesis Charlesworth et al. 1987). If
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true, faster-X evolution could partially or fully explain the large-X effect (Presgraves
2008).

The faster-X hypothesis has been highly influential, since it generated
predictions that could be tested using genomic data. It also presented the intriguing
possibility of estimating the dominance coefficient (%) of new advantageous
mutations. Assuming an equal number of breeding females and males, that the
distribution of fitness effects of new advantageous mutations does not differ between
autosomes and the X, and that most adaptive substitutions are from new mutations
rather than standing variation, then the ratio of the rates of adaptive evolution of
X-linked loci over autosomal loci (R) is a function of / and the selective effects of

new mutations in females (s;) and males (s):

R 2h S;+S, il
~2h(sf+sm) “.1)
When sy= s,, this reduces to a simple function of 4:
2h+1
R0 4.2)

4 h
(Charlesworth et al. 1987; Vicoso and Charlesworth 2006).

Several researchers set out to test the faster-X hypothesis, initially by
comparing the rates of protein evolution (estimated using the ratio of divergence at
non-synonymous sites to synonymous sites; dy/ds) between X-linked and autosomal
genes (Betancourt et al. 2002; Counterman et al. 2004; Lu and Wu 2005; Musters et
al. 2006; Mank et al. 2007; Mank et al. 2010). However, a higher dy/ds ratio for
X-linked versus autosomal loci could be caused by reduced efficacy of negative

selection on the X, due to its smaller effective population size (N.) than the
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autosomes. A more powerful way of testing for positive selection is using the
McDonald and Kreitman test (McDonald and Kreitman 1991) and its derivatives,
which contrast patterns of polymorphism and divergence at selected and neutral
classes of sites, and can be used to estimate the rate of adaptive substitution (a). For
Drosophila, some studies have found evidence for faster-X adaptive evolution
(Begun et al. 2007; Baines et al. 2008a; Mackay et al. 2012), whereas others have not
(Thornton et al. 2006; Connallon 2007). There have been studies comparing a
between autosomal and X-linked genes in species other than Drosophila. A study
that compared o for autosomes and X of two subspecies of the European rabbit found
faster-X evolution for only one of the two species (Carneiro et al. 2012). Another
recent study found strong evidence for faster-X adaptive evolution in Central
chimpanzees (Hvilsom et al. 2012).

Apart from a faster overall rate of adaptive evolution of the X chromosome,
additional predictions of the faster-X theory can be tested using genomic data. For
example, equation 4.1 can be simplified to show that for mutations with s,,>0 and s,

=0 (e.g. mutations in male-specific genes) R becomes an inverse function of 4:

1
R~—
¥ (4.3)
For mutations with s,, =0 and s,>0 (e.g. mutations in female-specific genes), R~ 1
(Charlesworth et al. 1987; Vicoso and Charlesworth 2006). Therefore, a more
pronounced faster-X effect is expected for recessive mutations that are selected only

in males, whereas no faster-X effect is expected for recessive mutations that are

selected only in females (Charlesworth et al. 1987; Vicoso and Charlesworth 2006).
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Mutations in genes with male-biased and female-biased expression are likely to have
mostly effects on males and females, respectively. Therefore, a way to test for the
prediction of the faster-X hypothesis regarding mutations with sex-specific effects is
to compare the evolutionary rate of autosomal and X-linked genes with sex-biased or
sex-specific expression. By following this rationale, Baines at al. (2008) found a
stronger faster-X effect for genes with male-biased expression than unbiased or
female-biased genes in Drosophila confirming the predictions of the faster-X
hypothesis (Baines et al. 2008a).

Exposure of recessive mutations in males is not the only process that can
create conditions for faster- or slower-X evolution. A different gene content of the X
chromosome and the autosomes could underlie differences in their evolutionary rate.
For example, the X chromosome might be enriched for classes of genes that evolve
rapidly, such as genes that are narrowly expressed (i.e. expressed in a limited number
of tissues;(Meisel et al. 2012a; Meisel et al. 2012b). Moreover, genes on the X
chromosome experience global inactivation during spermatogenesis (a process
known as meiotic sex chromosome inactivation or MSCI; Lifschytz and Lindsley
1972). Evidence for MSCI has been documented in Drosophila, birds and mammals
(Hense et al. 2007; Turner 2007; Schoenmakers et al. 2009), and it has been
suggested that MSCI could be a universal feature of species with heteromorphic
chromosomes (Namekawa and Lee 2009). However, it is unknown whether MSCI
can affect the evolutionary rate of X-linked genes.

House mice are one of the best studied species for the dynamics of speciation,

and a large volume of evidence has been accumulated showing a large effect of the X
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chromosome on hybrid incompatibilities

(Tucker et al. 1992: 92; Oka et al. 2004; Payseur et al. 2004; Storchova et al. 2004;
Oka et al. 2007; Good et al. 2008; Teeter et al. 2008). Population genetic studies have
shown reduced gene flow on X-linked than autosomal genes in the hybrid zone
between Mus musculus domesticus and Mus musculus musculus in Europe (Tucker et
al. 1992; Payseur et al. 2004; Teeter et al. 2008). Additionally, laboratory crosses
between different Mus musculus strains have revealed that the X chromosome
harbors a disproportionate number of genes that are associated with hybrid male
sterility

(Oka et al. 2004; Storchova et al. 2004; Oka et al. 2007; Good et al. 2008).

In this study, we analyse genome-wide polymorphism data from Mus
musculus castaneus, a subspecies of the Mus musculus species complex. Previous
studies have estimated that up to 50% of nonsynonymous substitutions in
protein-coding genes have been driven to fixation by positive selection in M. m.
castaneus (Halligan et al. 2010; Kousathanas et al. 2011; Phifer-Rixey et al. 2012).
However, these studies examined only small numbers of autosomal loci. Here, we
contrast within-species polymorphism and between-species divergence for ~19,000
protein-coding genes and quantify the relative rates of adaptive protein evolution
between the autosomes and the X chromosome. To test faster-X theory predictions,
we investigate the evolution of genes that have biased expression in sex-specific
tissues. We also examine the evolution of genes expressed at various stages of

spermatogenesis.
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4.3 Materials and Methods

Sampling of mice. We generated genomic sequence for 10 Mus musculus castaneus
individuals collected in NW India (Baines and Harr 2007); 7 females and 3 males.
The sampling strategy is detailed in a previous study (Halligan et al. 2010) and was
aimed at sampling non-related individuals from a single population. Tests for
population structure and admixture (using the program STRUCTURE; Pritchard et al.
2000) showed no evidence for hidden population substructure or admixture between
differentiated subspecies in our population sample (Halligan et al. 2010). We also
sequenced the genome of an individual Mus famulus obtained from the Montpellier

wild mice genetic repository to use as an outgroup.

Genome sequencing and I[llumina read mapping.

[llumina paired-end sequencing libraries were generated for each individual with
fragment sizes 300-550 bp. Mapped sequence coverage was 21-42x (average 29x)
per sampled animal. The libraries were run at a mixture of 76, 100 and 108bp read

lengths on the Illumina GAIIx and HiSeq platforms. The program SMALT

(http://www.sanger.ac.uk/resources/software/smalt/) using the parameters: -k 13 -s 6
was used to align the M. m. castaneus Illumina sequencing reads to the
NCBIM37/mm9 unmasked reference genome. We also generated genomic sequence
for M. famulus to be used as an outgroup. Since M. famulus sequence is diverged
from the reference (NCBIM37/mm9), we used an iterative mapping procedure to

improve alignment to the reference (more details are given in Appendix A.4.1).
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SNP calling. We used the SAMtools package to call genotypes at each site (Li et al.
2009). This involves creating genotype likelihood files using mpileup and obtaining
SNP calls for every site in the genome using an iterative Bayesian approach with
bcftools. More details on the procedure to call SNPs are given in Appendix A.4.1.
We excluded genotype calls that had no mapped reads or where there was significant
evidence for departure from Hardy-Weinberg proportions (a cut-off of <0.0002 was
used on the P-value of a X* based test obtained using SAMtools). For the X
chromosome, SNP calls were made using females only, because SAMtools assumes
diploids. Therefore, we had an allelic coverage of 20 for the autosomes, and 14 for

the X chromosome.

Obtaining the sequences for protein-coding genes. We obtained gene coordinates
from the Ensembl database version 62
(http://apr2011.archive.ensembl.org/index.html) for a total of 18,110 autosomal and
700 X-linked protein-coding genes with orthologues in both mouse and rat. For each
gene, we obtained the coordinates for the canonical spliceform as annotated in the
Ensembl database. We used these to obtain gene sequences for rat and to construct
sequences for M. m. castaneus and M. famulus individuals based on their genotype
calls. We then created separate alignments for each gene using MAFFT (Katoh et al.
2002) based on the translated amino-acid sequences and back-translated them to the
DNA sequence to preserve the coding frame. We considered only 0-fold and 4-fold

degenerate sites as nonsynonymous and synonymous, respectively.
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The site-frequency spectrum (SFS) and summary statistics. We obtained the
frequencies of the segregating alleles for each polymorphic site in our population
sample by assuming that all sites are biallelic and excluding sites where more than
two alleles were found in the population. We obtained the folded SFS by summing
the sites over all possible minor allele frequencies. To summarise diversity, we
calculated the average per site heterozygosity 7 (Tajima 1983). We quantified the
relative skew of the SFS compared to what is expected at Wright-Fisher equilibrium
and an infinite sites mutation model by calculating Tajima's D (Tajima 1989). Note
that we bootstrapped by gene with replacement 1000 times to perform statistical
comparisons of D between different classes of sites or with zero. We used M.
famulus and the rat as outgroups to calculate between species nucleotide divergence.
For the polymorphic sites in M. m. castaneus, we calculated the average divergence
between the M. m. castaneus alleles at a site with the outgroup base, accounting for
their frequencies. We applied a Jukes-Cantor multiple hits correction to the
divergence estimates (Jukes and Cantor 1969). CpG dinucleotides have higher
mutation rates in mammals, and their frequency is higher close to and within genes
than non-coding DNA that is far away from genes (Arndt et al. 2003). For analyses,
we excluded sites that were preceded by C or followed by a G, as suggested by a

previous study (Gaftney and Keightley 2008), unless specifically noted.

Assumption of neutral evolution for synonymous sites. We used synonymous sites

of protein-coding genes as the presumed neutral class for our analyses. As discussed
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in the methods section of Chapter 3, current evidence suggests very small selective
constraints in synonymous sites of murids (Eory et al. 2010) , therefore we do not
expect substantial underestimation of the strength of selection in nonsynonymous
sites of autosomal and X-linked genes. However, if the selection pressure is different
on synonymous sites of autosomal and X-linked genes, it is possible that we will
obtain artificial evidence for faster- or slower- X evolution as has been suggested
previously for D. melanogaster (Campos et al. 2012). However, a previous study that
examined patterns of codon-usage bias in autosomal and X-linked genes of rodents,
found no evidence that codon-usage bias is due to selection for either autosomal or
X-linked genes (Smith and Hurst 1999). Therefore we do not expect to misinfer the
relative strength of selection on nonsynonymous sites of autosomal and X-linked
genes due to a different strength of selection on synonymous sites of autosomal and

X-linked genes.

Estimating the distribution of fitness effects of new deleterious mutations (DFE).
To infer the DFE, we used a maximum likelihood (ML) method (DFE-alpha) that
fits a selection and a demographic model to the SFSs of assumed selected and neutral
classes of sites, respectively (Keightley and Eyre-Walker 2007). We used
synonymous sites of protein-coding genes as the neutral class for our analyses and
nonsynonymous sites as the selected class of sites.

Using DFE-alpha we firstly fitted a demographic model of a step change in
population size in the past to the neutral SFS. It has previously been shown that

bottlenecks or population subdivision do not greatly affect the accuracy of inference
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of selection by DFE-alpha if a 2-epoch model is fitted to the neutral class (Keightley
and Eyre-Walker 2010; Kousathanas and Keightley 2013). Nevertheless, we also
fitted a three-epoch demographic model to the synonymous data to investigate
whether our results are robust to a more complex demographic history and to
investigate the possibility of a bottleneck in the studied population.

Using DFE-alpha we then fitted a gamma distribution to the selected SFS to
infer the DFE of deleterious mutations. We assumed that new mutations in the
selected class are unconditionally deleterious. In natural populations some fraction of
new mutations might be advantageous, however it has previously been shown that
these will not affect the estimates of the parameters of the DFE for deleterious
mutations (Keightley and Eyre-Walker 2010). We also fitted multi-spike distributions
to the nonsynonymous data to investigate whether our results are robust to a
multimodal DFE. Moreover, DFE-alpha assumes that sites are unlinked, which could
affect its inferences. However, it has previously been shown that the effect of linkage
can be taken into account by fitting a 2-epoch demographic model to a neutral
reference that is interdigitated with the selected sites (Kousathanas and Keightley

2013; Messer and Petrov 2013).

Measuring the rate of molecular adaptation. To infer the rate of adaptive
divergence between two species, we use an extension of the McDonald-Kreitman
(MK) test (McDonald and Kreitman 1991). The standard MK test compares the ratio
of nonsynonymous to synonymous divergence (dx/ds) between two species with the

ratio of nonsynonymous to synonymous polymorphism (px/ps) within a species.
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Because positively selected mutations are not expected to contribute substantially to
polymorphism, an excess of dy/ds relative to py/ps is interpreted to be the result of
adaptive substitutions. The rate of molecular adaptation is usually quantified by
calculating the proportion of substitutions that have been fixed by positive selection

() as follows:

Py
Ps (4.4)

(Fay et al. 2001; Smith and Eyre-Walker 2002), where dyis the observed
nonsynonymous divergence between two species and ds(pa/ps) is the expected
divergence from neutral and slightly deleterious mutations.

When comparing estimates of o between different classes of genes or
between different species, differences in a can be due to a difference in the
contribution of slightly deleterious mutations to dy rather than a different rate of
adaptive substitution. This can be controlled for by calculating the rate of adaptive

relative to neutral substitution (w,):

Py
dy—dg—
_ " U ps (4.5)

w =— "+
a dS
(Gossmann et al. 2010)(Gossmann et al. 2010)(Gossmann et al. 2010).
Given the inferred DFE from the polymorphism data, we can calculate the average
fixation probability of new deleterious and neutral mutations relative to the fixation

probability of neutral mutations ( # ) by integrating over the DFE. We modified

equations 4.4 and 4.5 and calculated a and w, as follows:



Chapter 4. Selection on autosomal and X-linked genes in house mice 133

_dy—dgu

a=— (4.6)
_dy—dgi

o == (4.7)

(Eyre-Walker and Keightley 2009). There are two advantages of using fixation
probabilities instead of polymorphic counts to infer o and w, . Firstly, slightly
deleterious mutations that can contribute disproportionately to polymorphism in the
selected class, leading to underestimation of a and w,, are explicitly modelled.
Secondly, by using the framework to estimate the DFE as detailed above, the recent
demographic history of the population can be taken into account. Demographic
changes can produce a signal in the polymorphism data that can bias estimates of «
and w, (Eyre-Walker 2002).

Keightley and Eyre-Walker (2012) showed that the estimates of & and w, can
be biased if the divergence between the species compared is low relative to within
species polymorphism (Keightley and Eyre-Walker 2012). We corrected the
divergence estimates for the contribution of polymorphism by using their suggested
approach (Keightley and Eyre-Walker 2012). Unless otherwise stated, our estimates
of the dy/ds ratio, a and w,, are all corrected using that method.

We also used non-parametric estimators to calculate o, because they can be
potentially more powerful when analysing small numbers of loci. We used the
program MKtest (Welch 2006) to calculate arww and asew developed by (Fay et al.
(2001) and (Smith and Eyre-Walker (2002), respectively. The first estimator (orww) 1s

calculated by summing the counts of divergent and polymorphic nonynonynymous
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and synonymous sites (Dy, Py, Ds, Ps, respectively) across genes and using the

following equation:

DgP
aFWWzl_D P
N s

(4.8)

The arwwestimator has been shown to be biased if there is a correlation between
selective constraint and diversity. The aszyestimator has been introduced by Smith
and Eyre-Walker (2002) to control for this bias by averaging Dy, Py, Ds, Psacross

genes and using the following equation:

Py
P+l

(4.9)

Oy =1 — ==
sew =1 T =/~
D,

Estimates for azww and asgw were not corrected for the contribution of polymorphism

to divergence.

Statistical testing. Confidence intervals for parameter estimates were obtained by
bootstrapping by gene 200 times, unless otherwise stated. To compare different
classes of genes, we performed a non-parametric bootstrap test and unless otherwise
stated, the 2-tailed P value is reported. Mann-Whitney U tests were performed using

R (http://www.r-project.org/).

Analysis of gene expression. In order to define functional categories of genes, we

analysed several gene expression datasets from microarray experiments. We used the


http://www.r-project.org/
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GNF gene expression atlas (Su et al. 2004) to define male- and female-specific
genes. This dataset contains measurements of gene expression for several thousand
mouse and human genes in a large number of tissues (61 in mice). For this dataset,
we defined a gene as expressed in a tissue when its expression value was higher than
the median (=140.5) for the whole microarray experiment following the authors'
suggestions (Su et al. 2004). We defined a gene as specifically expressed in a tissue
when the expression of that gene in the focal tissue was 2-fold higher than the
median expression of the gene over all tissues, excluding the focal tissue.
Male-specific genes were defined as those that specifically expressed in testis or
prostate, whereas female-specific ones were defined as those with expression
specifically in ovary or uterus. To calculate the expression breadth (7) of each gene in

our dataset, we used the following formula:

N 1—-logT,

_,; log7,,.

N—-1
where N is the number of tissues examined, 7; is the expression value in each tissue

(4.10)

and 7. is the maximum expression over all tissues (Liao et al. 2006).

To define genes expressed at different stages of spermatogenesis, we used the

dataset of (Namekawa et al. 2006). This contains gene expression measured in four
types of germ cells, corresponding to different stages of spermatogenesis. These are
A and B spermatogonia, pachytene spermatocytes and round spermatids. A and B
spermatogonia correspond to the early pre-meiotic stage of spermatogenesis (stage
1), pachytene spermatocytes respresent the stage where meiotic sex inactivation of

the X chromosome (MSCI) occurs (stage 2), and round spermatids are mature
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postmeiotic cells (stage 3). The dataset contains gene expression levels for each cell
type computed from microarray signal intensities. Expression values had been scaled
to a trimmed mean signal intensity of 125 for each microarray chip. There were two
replicates per cell type and we averaged the expression levels of the replicates. Genes
that had a signal intensity < 100 at all stages of spermatogenesis were considered as
not expressed during spermatogenesis (following suggestions of Namekawa et al.
2006). A gene was considered as expressed during a stage if its expression value was
higher than 125. We defined three groups of genes based on their expression during
stage 1 and stage 3: group A for genes that are expressed in stage 1, and not in stage
3, group B for genes that are expressed during both stages 1 and 3, and group C for
genes that are non-expressed in stage 1 and expressed in stage 3. These groups of

genes correspond roughly to the groups defined by Namekawa et al. 2006.

4.4 Results

4.4.1 Diversity and divergence for autosomal and X-linked loci.

We analysed polymorphism within M. m. castaneus and divergence from M. famulus
and the rat for nonsynonymous and synonymous sites in a total of 18,110 autosomal
and 700 X-linked protein-coding loci. We examined results for all sites and
non-CpG-prone sites separately.

The pairwise nucleotide diversity at synonymous sites (7s) is substantially

lower for X-linked than for autosomal loci (P<0.01; Table 4.1). X-linked
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synonymous site divergence (ds) from M. famulus and rat is also significantly lower
than that of the autosomes (P<0.01 for all comparisons; Table 4.1). If we assume that
synonymous sites evolve neutrally, then zsis proportional to the product of the
effective population size (N,) and the mutation rate (1) (Charlesworth 2009).
Therefore, the lower 75 for X-linked loci relative to the autosomes could be either
attributed to a lower N, or u. After controlling for a difference in u between the
chromosomes by dividing zswith ds from M. famulus, we obtained a diversity ratio
(X/A) equal to 0.58, which should reflect the ratio of effective population sizes
between the X and the autosomes (i.e. N.x/N.4). The X chromosome is found in two
copies in females and one copy in males, and as a result, this ratio is expected to be
0.75 under neutrality and if the male and female sex ratio and reproductive success
are equal. The observed N.x/N., is signicantly lower than this expectation (P<0.01 for
all comparisons including just that for non-CpG-prone sites and using M. famulus or
rat to calculate divergence). The observed reduction in X-linked diversity could be
explained by a bottleneck (Wall et al. 2002; Pool and Nielsen 2007), by unequal
variance in reproductive success between males and females (Charlesworth 2001) or
by a larger effect of selective sweeps or background selection in eliminating X-linked

synonymous diversity (Hutter et al. 2007).
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Table 4.1. Number of sites and summary statistics for nonsynonymous and synonymous sites of autosomal and X-

linked loci. Statistics are given for all sites and non-CpG-prone sites. 95% confidence intervals are given in brackets.

Cpg-prone

Site

No. sites

% d

% d

status class (Mbp) ik (M. famulus) (rat) Tajima's D
A 177 0.136 0.590 3.64 -0.906
Nonsyn [0.133,0.139] [0.579,0.601] [3.58,3.70] [-0.928, -0.884]
X 0.634 0.057 0.594 3.91 -0.829
All sites [0.05,0.063] [0.537,0.658] [3.53,4.39] [-0.954, -0.704]
A 433 0.849 3.53 18.2 -0.609
Syn [0.839,0.857] [3.51,3.56] [18.1,18.3] [-0.623, -0.595]
X 0.147 0.372 2.70 15.0 -0.636
[0.348,0.397] [2.60,2.81] [14.3,15.7] [-0.731, -0.542]
A 959 0.125 0.575 3.45 -0.817
Nonsyn [0.122,0.128] [0.565,0.586] [3.39,3.51] [-0.843, -0.790]
X 0370 0.0536 0.592 3.72 -0.833
Non-CpG- [0.0470, 0.0607] [0.533,0.656] [3.36,4.16] [-0.983, -0.674]
prone A 149 0.631 2.73 14.8 -0.643
Syn [0.622,0.641] [2.71,2.76] [14.8,14.9] [-0.665, -0.619]
X 0.0495 0.306 2.34 13.7 -0.726
[0.276,0.335] [2.21,2.49] [13.2,14.3] [-0.898, -0.562]
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We then obtained the folded or minor allele site-frequency spectrum (SFS) for each
site class by summing the minor allele frequency over all sites per class (Figure 4.1).
We also generated the expected SFS for a population at equilibrium under a neutral
Wright-Fisher model for comparison (Figure 4.1). We observed a deviation from the
equilibrium expectation for autosomal and X-linked genes, for both synonymous and
non-synonymous sites (Figure 4.1), consistent with negative Tajima's D values for all
site classes (Table 4.1). If we assume that synonymous sites are selectively neutral,
their negative D values either suggest a population expansion, or, an effect of
Hill-Robertson interference from nearby sites under selection (Hill and Robertson

1966).
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Figure 4.1. The site frequency spectrum for nonsynonymous and synonymous site

classes for autosomal and X-linked genes. In grey we show the expected SFS for an

equilibrium population under a neutral Wright-Fisher model of evolution. The SFSs are

for non-CpG prone sites.

4.4.2 The fitness effects of new mutations in autosomal and X-linked

loci

Model fitting to infer demography and selection. We estimated the distribution of

fitness effects of new deleterious mutations (DFE) for autosomal and X-linked loci by

applying a maximum likelihood approach (DFE-alpha) that fits a demographic and a
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selection model to the SFSs from neutral and selected classes of sites (Keightley and
Eyre-Walker 2007). We used synonymous sites to infer effects of population size
changes and nonsynonymous sites to infer selection. A 2-epoch demographic model
gave a good fit to autosomal and X-linked synonymous data (Figure 4.2), and a 3-epoch
model produced only a marginally better fit (Table 4.2 and Figure 4.2).

We then fitted several types of models to the nonsynonymous data to infer the
DFE (Table 4.2 and Figure 4.3). A model with 3 discrete selection coefficients had a
better fit than the gamma distribution to the autosomal data (Table 4.2). However, the
3-spike model did not fit substantially better than the gamma distribution to the
X-linked data ( Table 4.2). For consistency of the analysis of autosomal and X-linked
loci we used the gamma model to infer the DFE, while controlling for the population
history inferred from the 2-epoch model. Note that we do investigate below the effect of

fitting different models of the DFE and different demographic models on our inferences.

The DFE for autosomal and X-linked loci. The inferred parameters for the best-fitting
2-epoch and gamma distribution models are given in Table 4.3. The 2-epoch model
gave evidence of an expansion for both autosomal and X-linked loci (Table 4.3). Even
though our analysis included several thousand genes, the mean strength of selection for
deleterious mutations (N.E(s)) was very imprecisely estimated for both autosomal and
X-linked loci (indicated by the very wide confidence intervals; Table 4.3). The point
estimate for N.E(s) for the X chromosome is very high (3.73X10%). Even if we assume
an N, of 10° for M. m. castaneus, the E(s) value would still be higher than 100. This

high value for E(s) should not be considered realistic, but rather an artifact of the
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method to estimate the DFE. As discussed in the previous chapters, when the inferred
gamma distribution is highly leptokurtic there is a disproportionately large contribution
of mutations with strong effects to the mean, and since the method allows for s>1, E(s)
could also be inferred to be much higher than 1. These excessively large estimates for
E(s) do not have biological significance.

The shape parameter (b) was estimated with more precision than N.E(s) and
indicated a strongly leptokurtic DFE for both autosomal and X-linked loci (Table 4.3).
We did not observe significant differences in the parameters of the DFE between

autosomal and X-linked loci.
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Table 4.2. Goodness of fit of demographic and selection models. The demographic
models were fitted to the synonymous sites and the selection models to nonsynonymous
sites for autosomal and X-linked genes separately. The log-likelihood difference (4logl)
and the corrected akaike information criterion difference (44/C) from the best fitted
model is reported. The spike and step models consist of discrete selection coefficients
that are fitted to the selected data. To infer the DFE with these models, we incremented
the number of spikes/steps until the improvement of fitting additional spikes/steps is
less than 2 AIC units. In parentheses we report the number of spikes/steps of the

best-fitting spike model.

Sites Chr. Model AlogL AAIC
Stationary -1,727 -3,446
A 2-epoch -7 -10.1
3-epoch 0 0
Synonymous .
Stationary -36.7 -68.8
X 2-epoch -0.2 0
3-epoch 0 -3.5
No selection -24,133.4 -48,256.8
A Gamma -21.3 -36.5
Spike (3) 0 0
Step (2) -2.8 -1.6
Nonsynonymous X
No selection -407.4 -810.4
X Gamma -0.2 0
Spike (3) 0 -5.5

Step (2) 0 1.5
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Figure 4.2. The observed synonymous site frequency spectrum and the expectation generated by assuming a stationary population size and

two demographic models.The SFSs are for non-CpG prone sites.
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Figure 4.3. The observed nonsynonymous site frequency spectrum and the expectation generated by assuming no selection, a gamma

distribution and a distribution consisting of 3 discrete selection coefficients. The SFSs are for non-CpG prone sites.



Chapter 4. Selection on autosomal and X-linked genes in house mice 146

Table 4.3. Estimates and 95% confidence intervals for parameters of the 2-epoch
demographic model and the gamma DFE for autosomal and X-linked loci. The
2-epoch model parameters are the magnitude of a population size change (N:/N;) and
the time in generations since the size change (¢,/N;), and are scaled by N, which is the
initial size of the population. The parameter estimates for the gamma DFE are the

mean strength of selection (N.E(s)) and the shape () of the distribution.

Demography (2-epoch) Selection (gamma DFE)
Chr. NN, LN NE(s) b
A 2.79 1.47 9.47X10° 0.11
[2.79, 3.07] [1.3,2.09] [2.74X10° 3.36X107] [0.088, 0.13]
x 4.09 2.19 3.73X10° 0.085

[3.07,7.26]  [0.85,6.14] [1.23X10% 1.87X10"*] [0.05,0.21]
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We also compared the proportion of mutations assigned to four N.s ranges,
and found that they did not differ between X-linked and autosomal loci (Figure 4.4).
These results suggest that the efficcacy of purifying selection acting on
nonsynonymous mutations is similar in X-linked and autosomal genes on average.
This is unexpected, given that we infer that the X chromosome N, is smaller than %
that of the autosomal genes and therefore experiences a stronger effect of drift. One
possible explanation is that new deleterious mutations are on average recessive and
therefore are removed more efficiently from the X than the autosomes. Presumably
these two processes (smaller N, of the X chromosome and recessivity of new

deleterious mutations) cancel out to some extent.
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Figure 4.4. The distribution of fitness effects of new nonsynonymous mutations binned

into four classes of effects for autosomal and X-linked genes. The estimates are for non-

CpG- prone sites. 95% confidence intervals were generated by bootstrapping by gene.
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4.4.3 Adaptive evolution in autosomal and X-linked loci

The inferred parameters of the DFE can be used together with the divergence between
two species to infer the proportion of adaptive substitutions and the rate of adaptive
relative to the rate of neutral substitution (a and w, respectively, calculated using
equations 4.6 and 4.7). We considered significantly different w, values between two
compared classes of genes as indicating different rates of adaptive evolution, but we
also computed and compared dy/dsand o because these are more widely used than w,
and can thus be compared with other studies. We compared estimates of dy/ds, a and w,
for nonsynonymous sites of autosomal and X-linked genes (Table 4.4). X-linked loci
have significantly higher dy/ds, o and w, than autosomal loci (P<0.05 for all parameter
comparisons between autosomes and the X, using either M. famulus or rat as the
outgroup; Table 4.4). These results provide strong support for faster X adaptive protein
evolution. Faster X evolution was also inferred when using a 3-epoch model to infer the
demographic history or with a DFE model consisting of three point masses (Table 4.5),
or when using non-parametric estimators of « (panel 'All' of Figure 4.9). Note that the
results in Table 4.4 were produced by correcting for the contribution of divergence to
polymorphism (as per Keightley and Eyre-Walker 2012), but we did not use this
correction to produce the results in Table 4.5, because it was not implemented in
DFE-alpha for some of the selection models that were used to produce the results in
Table 4.5. Since the estimates in Table 4.5 for a and w,were produced by using the rat
as an outgroup, we expect a minimal effect of not applying the correction to the

estimates.
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Table 4.4. Estimates of dy/ds, a and w, for autosomal and X-linked genes using M.
famulus and rat as outgroups. The estimates are for non-CpG prone sites. 95%

confidence intervals are given in brackets.

Outgroup Chr. dn/ds a Wy
A 0.238 0.316 0.0753
[0.235, 0.255] [0.289, 0.365] [0.0695, 0.0923]
M. famulus
x 0.287 0.480 0.138
[0.257,0.330] [0.363,0.646] [0.0983, 0.201]
A 0.241 0.322 0.0774
Rat [0.238,0.246] [0.284,0.347] [0.0687,0.0843]
X 0.278 0.463 0.129

[0.252,0.300] [0.356,0.617] [0.0956,0.172]
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Table 4.5. Point estimates for , o and w, when fitting different combinations of

neu

demographic and selection models to autosomal and X-linked data. The models used in
the present study are highlighted in light grey. We used the rat as an outgroup to
calculate o and w,. The divergences from M. m castaneus were not corrected for the
contribution of polymorphism to divergence because this correction is not implemented
yet for some combinations of models. This is not expected to affect our inferences for a
and w,, because the rat is distantly related to M. m. castaneus (~18% synonymous

divergence). The models used in the present study are highlighted in light grey.

Demographic  Selection Uger
Chr. model model " o (rat) o, (rat)
Gamma 0.17 0.28 0.065
2-epoch i
A Spike (3) 0.19 0.20 0.046
3-epoch Gamma 0.16 0.29 0.068
Gamma 0.15 0.45 0.12
2-epoch i
X Spike (3) 0.17 0.38 0.10

3-epoch Gamma 0.15 0.45 0.12
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4.4.4 Evolution of male and female-specific genes.

The faster-X effect is expected to be most pronounced if selection acts on males only,
whereas equal rates of adaptive evolution are expected if selection acts on females only
(Charlesworth et al. 1987; Vicoso and Charlesworth 2006). To investigate this
prediction, we compared rates of adaptive evolution for genes with sex-specific
expression. We used gene expression data for several tissues of mice from the Atlas of
Gene Expression (Su et al. 2004) to define male-specific genes as those that had specific
expression in testis or prostate and female-specific genes as those that had specific
expression in ovary or uterus. We found significantly faster-X adaptive evolution for
male but not for female-specific genes (Figure 4.5). Estimates for dv/ds, a and w, were
not significantly different between the autosomes and the X chromosome for genes that
do not show male or female-specific expression (Figure 4.5). This could be due to lack
of power to detect a significant faster-X effect for these genes. We obtained similar
results for male and female-specific genes using non-parametric estimators of a,
although genes lacking sex-specific expression showed significantly faster-X adaptive

evolution with this method (panel 'Sex-specific', Figure 4.9).
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Figure 4.5. Molecular evolution of genes that have male- or female-specific expression

and non-sex-specific expression. Estimates for dy/ds, o and w, were calculated using M.

famulus as the outgroup. Error bars are 95% confidence intervals (Cls) obtained by

bootstrapping by gene. Two-tailed bootstrap tests were performed to compare dy/ds, o

and o, estimates with the autosomal average (indicated by the dashed line), and between

autosomal and X-linked genes of each class. Stars indicate significance for the

comparison to the autosomal average (* P<0.05, ** P<0.01). Signs indicate significance

for the comparisons between autosomal and X-linked genes (one sign; P<0.05). The

numbers in the boxes indicate the number of genes analysed within each class.
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Tissue specificity of male and female-specific genes. Previous studies have shown
that narrowly expressed genes have higher dy/ds values than widely expressed genes
(Liao et al. 2006), and that the X chromosome is enriched for genes with narrow
expression (Meisel et al. 2012a). To investigate whether a difference in tissue specificity
between autosomal and X-linked genes could affect our results, we calculated the
breadth of expression (7) using equation 4.10. Small values of 7 correspond to broad
expression, whereas large values correspond to narrow expression. We found that 7 is
not significantly different between autosomal and X-linked genes that have male- or
female-specific expression (Mann-Whitney U test P>0.05; Figure 4.6). This is expected,
because we investigated genes with expression specific to male and female reproductive
tissues, which are enriched in narrowly expressed genes. X-linked genes that were not
male- or female-specific had a significantly higher 7 than autosomal genes
(Mann-Whitney U test P<0.01; Figure 4.6). Therefore, a narrower breadth of expression
of X-linked than autosomal genes might partially account for faster-X evolution of

genes that are non male- or female-specific.
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Figure 4.6. Breadth of expression of genes that have male- or female-specific
expression and non-sex-specific expression. Boxes indicate 25" and 75" percentiles of
the distribution of 7 and whiskers are approximate 95% Cls. Solid line within boxes
indicates the median 7 and notches are approximate 95% Cls for the median. Dashed
line indicates the genomic average 7. A Mann-Whitney U test was performed to
compare median 7 between autosomal and X-linked genes of each class. Signs indicate
significance for the comparisons between autosomal and X-linked genes (one sign;

P<0.05, two signs; P<0.01).
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4.4.5 Evolution of genes expressed during spermatogenesis.

During spermatogenesis, each diploid spermatogonium cell undergoes two rounds of
meiosis to give 4 haploid spermatids. X-linked recessive mutations are exposed to
selection only early in spermatogenesis (pre-meiotically), but X-linked and autosomal
mutations are exposed to selection late in spermatogenesis (post-meiotically).
Therefore, we expect faster-X evolution only for genes that are expressed early in
spermatogenesis. Moreover, during the first meiosis in spermatogenesis (meiosis I),
X-linked genes experience global suppression of their expression (meiotic sex
chromosome inactivation; MSCI (Lifschytz and Lindsley 1972). However, a few
X-linked genes escape MSCI and are expressed post-meiotically (Namekawa et al.
2006). We obtained gene expression data for male germ cells at different
spermatogenetic stages (dataset of Namekawa et al. 2006) to investigate the
evolutionary rate of genes that have different expression patterns during
spermatogenesis.

We defined three groups of genes: genes that are expressed pre-meiotically and
suppressed post-meiotically (group A; Figure 4.7), genes that are expressed both
pre-meiotically and post-meiotically (group B; Figure 4.7), and genes that are

suppressed pre-meiotically and expressed post-meiotically (group C; Figure 4.7).
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Figure 4.7. Expression pattern (A) of three groups of genes expressed during spermatogenesis. Group A are genes which are expressed
exclusively pre-meiotically, group B are genes which are expressed during pre-meiosis and post-meiosis, and group C are genes which are
expressed exclusively post-meiotically. Boxes indicate 25" and 75" percentiles of log, expression intensity and whiskers are approximate
95% confidence intervals (CIs). Solid line within boxes indicates median expression intensity and notches are approximate 95% Cls for the

median. The dashed line indicates the expression intensity threshold that was used to define a gene as being expressed.
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We then calculated dy/ds, o and w, for autosomal and X-linked genes within
each group of spermatogenesis-expressed genes. Genes expressed only
pre-meiotically (group A) had similar dy/ds, a and w, for the X chromosome and the
autosomes (Figure 4.8). This is unexpected, because new advantageous X-linked
recessive mutations in group A genes are exposed to selection in males. However,
genes with exclusively early expression in spermatogenesis have been reported to be
female-biased in expression (Zhang et al. 2010) and these are expected to evolve at
similar rates for the autosomes and the X chromosome (Charlesworth et al. 1987;
Vicoso and Charlesworth 2009). Therefore, the observation that group A X-linked
and autosomal genes evolve at a similar rate does not necessarily contradict faster-X
theory. Genes expressed both pre- and post-meiotically (group B) had significantly
higher dy/ds, o and w, for the X chromosome than the autosomes (Figure 4.8). For
group B, X-linked genes have a different expression profile from autosomal genes,
because MSCI affects only the X chromosome (Figure 4.7). Therefore, X-linked and
autosomal genes within group B might not be comparable. However, X-linked genes
in group B have significantly higher o and w,than the autosomal average (Figure
4.8). The rapid adaptive evolution of X-linked group B genes might be related to
their escape from MSCI. Genes expressed exclusively post-meiotically (group C) had
similar dy/ds, a and w, for the X chromosome and the autosomes (Figure 4.8). This is
expected, since cells are haploid late in spermatogenesis on both the autosomes and
the X chromosome and recessive mutations are therefore exposed to selection.

Non-parametric estimators of o produced equivocal results (panel 'Sperm';

Figure 4.9). The Fay et al. (2001) estimator (aww) showed similar results to
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DFE-alpha, but the Smith and Eyre-Walker (2002) estimator (asgzw) showed
significantly higher a for X-linked than autosomal genes for all classes of genes
examined (panel 'Sperm'; Figure 4.9). However, both estimators showed a to be
significantly higher from zero for X-linked genes of group B and autosomal genes of
group C, which is consistent with our findings when using DFE-alpha. All methods
consistently show rapid adaptive evolution for X-linked genes that escape MSCI and

also autosomal genes that are post-meiotically expressed.
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Figure 4.8. Estimates for dv/ds, a and w, for group A, group B and group C. dv/ds, a
and o, were calculated by using M. famulus as the outgroup. Error bars are 95% Cls
obtained by bootstrapping by gene. Two-tailed bootstrap tests were performed to
compare dy/ds, o. and w, estimates with the autosomal average (indicated by the
dashed line), and between autosomal and X-linked genes of each class. Stars indicate
significance for the comparison to the autosomal average (* P<0.05, ** P<0.01). The

numbers in the boxes indicate the number of genes analysed within each class.
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Figure 4.9. Estimates for o using non-parametric estimators. We used the Fay et al. (2001) and Smith and Eyre Walker (2002) estimators

(arww and asew, respectively; Fay et al. 2001; Smith and Eyre-Walker 2002). Autosomal and X-linked genes are compared for all genes

(All), genes with sex-specific expression (Sex-specific) and genes with a different expression pattern during spermatogenesis (Sperm.).

Estimates were obtained by using M. famulus as the ougroup. Error bars are 95% confidence intervals obtained by bootstrapping by gene

10,000 times. Stars indicate significance for o>0 (* P<0.05, ** P<0.01, ***P<0.001).
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4.5 Discussion

Our main finding is that the X chromosome has a higher rate of adaptive protein
evolution than the autosomes. X-linked genes with male-specific expression evolve
particularly rapidly, whereas X-linked and autosomal genes with female-specific
expression evolve at similar rates. These observations can be explained if new
advantageous mutations are on average recessive (Charlesworth et al. 1987). We can
use our estimate of the ratio of the rate of adaptive substitution of X-linked to
autosomal loci (R=w.v/®.4) to predict the average dominance coefficient (/) for new,
advantageous mutations. Assuming that N.x/N.,=0.75, and that reproductive success
of males and females are equal, we can use equations 4.2 and 4.3 to predict / (Table

4.6). The predicted value of / is ~0.2 (Table 4.6).

Table 4.6. Quantitative prediction for the dominance coefficient (4) based on our
estimated ratio of adaptive substitution for X-linked over autosomal loci
(R=w.x/@w.4). We assumed that N.x/N.,=0.75, and that reproductive success of males
and females are equal. We calculated R using M. famulus as the outgroup. 95%

confidence intervals are given in brackets.

Gene class Expected R Estimated R Predicted &
1.8 0.19

All genes R 2ht] [1.2,2.6] [0.12, 0.36]
Not sex-specific 4h 1.6 0.24

P [0.78,2.5] [0.13, 0.89]
1 2.4 0.21

. i R~—
Male-specific 7 [1.3,4.3] [0.12, 0.38]
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Connallon et al. (2012) showed that genetic architecture underlying bouts of
adaptive substitution can influence the assumptions of the theoretical predictions of
Charlesworth, Coyne and Barton (1987) and that a contribution of standing variation
to adaptive substitution can dampen the predicted relationship between R and 4
(Connallon et al. 2012). According to Connallon et al. (2012) results, our estimated
Rwould be roughly consistent with an average / of ~0.25, assuming that
Nx/N.4=0.75, that a large number of genes (>>1) contribute to individual bouts of
adaptation and that most adaptive substitutions involve new mutations (Connallon et
al. 2012). Moreover, Vicoso and Charlesworth (2009) showed that the relationship
between R and 4 is sensitive to N.x/N.,and that recessivity of new advantageous
mutations would be expected even for R=1, if Noy/N4<0.75 (Vicoso and
Charlesworth 2009). Given that we estimated N.x/N.4 < 0.75, we expect new

advantageous mutations to be recessive, on average, with £<0.25.

The causes of reduced diversity on the X chromosome. The X chromosome is
expected to have 0.75 of the autosomal diversity, if the population is at equilibrium,
and males and females have equal reproductive success. We observed a X/A diversity
ratio significantly lower than this expectation (0.58). This could be explained by
unequal variance in reproductive success between males and females (Charlesworth
2001), by population size reductions or bottlenecks (Wall et al. 2002; Pool and
Nielsen 2007), or by a stronger effect of selective sweeps or background selection in
eliminating X-linked synonymous diversity (Hutter et al. 2007).

If females have a larger variance in reproductive success than males, then the
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female M. is expected to be smaller than the male value. This could produce a X/A
diversity ratio smaller than 0.75. Comparisons of autosomal and mitochondrial
diversity in populations of Mus musculus have shown evidence for a larger female
than male N, (Baines and Harr 2007), which would predict a X/A diversity ratio
higher than 0.75 (i.e. contrary to our observation). Unequal variance in reproductive
success between males and females is therefore an unlikely explanation for the
observed X/A diversity ratio.

Population size reductions or bottlenecks have been shown to reduce the X/A
diversity ratio (Wall et al. 2002; Pool and Nielsen 2007). A 2-step demographic
model gave a good fit to the autosomal and X-linked synonymous SFSs, providing
evidence for a population expansion, which has been shown to increase the X/A
diversity ratio (Pool and Nielsen 2007). However, given that synonymous
polymorphism can also be affected by selection on linked sites, and this could bias
demographic inference, we do not consider our inference of an expansion
compelling, and cannot definitively exclude the possibility of a bottleneck in the
history of M. m. castaneus, which could at least partially explain the reduced
diversity on the X chromosome.

Finally, the X chromosome may experience a stronger effect of selective
sweeps or background selection than the autosomes, reducing neutral diversity linked
to selected loci. A stronger effect of selective sweeps on neutral diversity is plausible,

given that we find a higher rate of adaptive evolution on the X than the autosomes.

Genes expressed during spermatogenesis. Previous studies have revealed evidence
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for rapid evolution of genes expressed during spermatogenesis (Torgerson et al.
2002; Torgerson and Singh 2006), particularly those expressed post-meiotically
(Good and Nachman 2005). We found that X-linked genes that are expressed during
spermatogenesis and escape meotic sex chromosome inactivation (MSCI) experience
rapid adaptive evolution. A previous study found that most X-linked genes that
escape MSCI in mice are additions to the X chromosome less than 50 MYA (Zhang
et al. 2010). Rapid adaptive evolution of these genes is presumably due to their
young age (Zhang et al. 2010), or a consequence of an evolutionary arms race with
selfish genetic elements that control expression during spermatogenesis (Presgraves

2008).

Explanations for the large-X. Faster-X evolution due to average recessivity of
advantageous mutations can explain the large effect of the X chromosome in
speciation. This is because loci that contribute to hybrid incompatibilities will evolve
faster when located on the X chromosome than the autosomes (Presgraves 2008).
Future studies should focus on documenting precisely the excess of X-linked relative
to autosomal loci that cause hybrid incompatibility in mice, and investigating to
whether a 1.8 times faster rate of adaptive substitutions on the X can explain that
€XCess.

Another explanation for the large-X effect that is compatible with our data is
related to the regulation of genes expressed during spermatogenesis (Presgraves
2008). Spermatogenesis might be inherently sensitive to perturbations, that are likely

to occur in hybrids. For example, a recent study in M. musculus found a strong
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association between X-linked hybrid male sterility and disruption of MSCI
(Campbell et al. 2013). The phenomenon of MSCI may be universal to species with
heteromorphic chromosomes (Namekawa and Lee 2009) and it has been suggested
that MSCI evolved as a defense mechanism against selfish genetic elements such as
sex-ratio distorters (Meiklejohn and Tao 2010). Recurrent bouts of invasion of selfish
genetic elements could trigger an evolutionary arms race with the host to suppress
their expression. Therefore, the faster-X evolution that we observe could be a
consequence of a high concentration of genes on the X chromosome that evolve
rapidly due to genetic conflict. Indeed, sex-ratio distorters have been shown to be
more likely to invade a population when located on the sex chromosomes than the
autosomes (Frank 1991; Hurst and Pomiankowski 1991). Male-specific genes, and
genes that are expressed post-meiotically in spermatogenesis, might be especially
likely to be involved in these arms races, which could explain the pronounced
faster-X evolution of those genes. Future studies should focus on extensive mapping
of selfish genetic elements such as sex-ratio distorters and further dissecting their

potential evolutionary link with MSCI.
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Chapter 5. General discussion

In this thesis, I have developed methods to quantify the effects of new mutations on
fitness and investigated natural selection at the molecular level in a population of
house mice (Mus musculus castaneus). In this chapter, I describe a summary of the
findings for each research chapter in the thesis. I then make some comments about
the novelty of the findings that have been presented. I go on to discuss limitations of
the methods. Lastly, I present the general implications of the work for various

subjects of evolutionary genetics research and suggest future directions of research.

5.1 Summary of findings

In Chapter 2, it was shown that fitting unimodal distributions, such as the lognormal
and gamma distributions, to infer a distribution of fitness effects (DFE) that is
multimodal will lead to misinference of biologically important properties of the DFE,
such as the mean effect ( N, s ) and the mean fixation probability of a new mutation (
u ). To address this issue, [ modelled the DFE either as series of discrete selective
effects (spikes-model) or continuous uniform distributions of selective effects
(steps-model). I showed with simulations that the spikes and steps models fit better
to multi-modal DFEs than the lognormal and gamma distributions. Moreover, |

showed that the spikes and steps models perform well in accurately inferring N s

and # when the true DFE is unimodal or multimodal. An analysis of large

polymorphism datasets from natural populations of Drosophila melanogaster and M.
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m. castaneus to study the DFE of nonsynonymous mutations revealed evidence for a
lognormal DFE in D. melanogaster and a bimodal DFE in M. m. castaneus.

In Chapter 3, I quantified the strength of negative selection and the rate of
adaptive substitution for nonsynonymous sites of protein-coding genes and
non-coding DNA upstream and downstream of genes by analysing polymorphism
data from a population of M. m. castaneus. 1 found that non-coding DNA is much
less selectively constrained than nonsynonymous sites. Moreover, I found that the
fraction of substitutions that were driven to fixation by positive selection () is much
smaller in non-coding DNA than in nonsynonymous sites. However, I found that the
rate of adaptive relative to neutral substitution (®,) is rather similar between
nonsynonymous sites and non-coding DNA. I concluded that the higher a for
nonsynonymous sites than non-coding DNA is only due to higher constraint on
non-synonymous sites rather than a higher rate of adaptive substitution than
non-coding DNA.

In Chapter 4, I quantified the rate of adaptive substitution in nonsynonymous
sites of the majority of protein-coding genes in M. m. castaneus in order to test the
predictions of a hypothesis that has been suggested to explain Haldane's rule and the
large effect of the X chromosome in speciation (the so-called faster-X hypothesis). I
firstly compared the rate of adaptive substitution between autosomal and X-linked
genes, and found that X-linked genes experience a 1.8 times faster rate of adaptive
substitution than autosomal genes. Moreover, I found that X-linked male-specific
genes have a 2.4 times faster rate of adaptive substitution than autosomal

male-specific genes, but female-specific X-linked and autosomal genes evolve at
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similar rates. These observations were found to be consistent with the predictions of
the faster-X hypothesis. I also analysed spermatogenesis-expressed genes and found
that genes that are expressed in the early pre-meiotic stage of spermatogenesis do not
display faster-X evolution. Finally, I found that autosomal genes that are expressed in
the post-meiotic stage of spermatogenesis and X-linked genes that escape meiotic sex
chromosome inactivation (MSCI) experience a rapid rate of adaptive substitution. I
concluded that the observed faster-X evolution could be either due to average
recessivity of new advantageous mutations or more intense genetic conflict on the X

chromosome than the autosomes.

5.2 Novelty of findings

Previous studies have modelled the DFE as discrete selection coefficients (Keightley
and Eyre-Walker 2010; Wilson et al. 2011) or mixtures of distributions (Boyko et al.
2008). However, the discrete models were used ad-hoc in those studies, without
justifying their use or demonstrating whether they are better in inferring the DFE
than other widely used distributions, such as the gamma. In Chapter 2, |
demonstrated for the first time that the signal of a multi-modal DFE does exist in the
site-frequency spectrum (SFS) and can be detected by using the spikes/steps models.
I investigated the biases that can arise in inferring important parameters of the DFE
when fitting unimodal distributions to multi-modal DFEs and demonstrate under
which conditions the spikes/steps models are better in inferring the DFE than
unimodal distributions. I consolidated these findings by demonstrating that they are

robust to complex population histories and linked selection. Finally, I inferred the
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DFE for nonsynonymous changes in D. melanogaster and M. m. castaneus by using
the newly developed spikes/steps models to analyse newly generated, genome-wide,
polymorphism datasets.

There have been many studies investigating selective constraint on
protein-coding genes and non-coding DNA in mammals (Keightley, Kryukov, et al.
2005; Keightley, Lercher, et al. 2005; Gaffney and Keightley 2006). The work
presented in Chapter 3 is the first study to quantify the DFE and positive selection on
non-coding DNA in a mammalian species other than human. The work on the DFE in
non-coding DNA revealed similar results to previous studies. However, as I discuss
below, the findings from the study of positive selection on non-coding DNA are
surprising and have serious implications on the central question of the locus of
adaptation.

The work presented in Chapter 4 is the most comprehensive test of the
faster-X hypothesis that has ever been conducted. This work is the first to test
multiple predictions of the faster-X hypothesis by using polymorphism data for the
majority of autosomal and X-linked genes. Moreover, previous tests of the faster-X
hypothesis compared d\/ds ratios (Betancourt et al. 2002; Mank et al. 2010) or o
(Baines et al. 2008a; Hvilsom et al. 2012; Mackay et al. 2012) between autosomal
and X-linked genes, but both of these parameters have serious limitations. A high
dy/ds can be produced by either strong positive selection or weak selective constraint.
Moreover, differences in o between classes of sites or genes can only indicate a
difference in selective constraint rather than a difference in the efficiency of positive

selection. In Chapter 4, I estimate w,, which robust to these limitations (Gossmann et
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al. 2010).

5.3 Limitations

Linkage. The methods that I used to infer the DFE and the rate of adaptive
substitution make several assumptions. The assumption of unlinked sites is perhaps
the most likely to be violated for real datasets. In Chapter 2, I showed with
simulation that even moderate levels of linkage can cause the spike/step models to
overfit the data and produce spurious evidence of multimodality. I also demonstrated
that fitting a demographic model to neutral sites that are interdigitated with the
selected sites can control for the effects of linkage. However, the use of a
demographic model to control for the effects of linkage, although it appears to work,
is hardly sufficient for several reasons. Firstly, since this correction procedure does
not explicitly model genetic linkage, it is uncertain for what types of DFEs the
correction actually works. I investigated only a small parameter space, in respect to
the properties of the simulated DFE, and it is reasonable to imagine that for certain
DFEs it might fail to work, producing yet unknown biases. Secondly, the
demographic history that is inferred by using this method is very likely to be wrong.
For example, an apparent population size change, such as an expansion, might only
be an artifact of the effect of linked selection. By assuming that the parameters of the
demographic model are nuisance parameters, the scope of the analysis gets limited

somewhat.

Population size changes. Population size changes can produce artificial evidence for
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positive selection and estimates of >0, in the absence of adaptive substitutions. The
method used to infer a does correct for recent demographic changes, but there are at
least two reasons to suspect that this may not be sufficient, and that our estimates of
a may be biased. Firstly, as was outlined above, linked selection can produce
artificial evidence for population size changes. It is unknown whether the inference
of selection would be robust to the combined effects of a complex demographic
history and linked selection. Secondly, ancient population size changes do not leave a
signature in the polymorphism data, but they can potentially affect divergence
between two species. If M. m. castaneus had experienced prolonged bottlenecks in
the distant past, these might have caused slightly deleterious mutations to become
fixed. Those mutations will not segregate in the present, much larger, N, of M. m.

castaneus and thus produce o>0.

Assumption of neutral evolution for synonymous sites. In most of my analyses I
assumed that synonymous sites are evolving neutrally. It is possible that this
assumption is violated. A process known as codon usage bias can create conditions
for selection at synonymous sites. Codon usage bias occurs when alternative codons
for an amino acid occur in different frequencies. This phenomenon has been
documented for several species (Hershberg and Petrov 2008), including mice
(Eyre-Walker 1991). Codon-usage bias can result from mutational biases or selection
(Hershberg and Petrov 2008). A different selection pressure on codon-usage bias for
autosomal and X-linked genes has been documented in Drosophila and it has been

suggested that this can lead to artificial evidence for faster-X evolution (Campos et
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al. 2012). However, there is no evidence for a significant role of selection on shaping
codon-usage bias in mice (Eyre-Walker 1991; Urrutia and Hurst 2001; Yang and
Nielsen 2008).

Codon-usage bias is not the only process that create non-neutrality of
synonymous variants. For example, synonymous mutations can affect splicing and/or
stability of mRNA trancsripts (Chamary et al. 2006). If synonymous sites experience
selective constraints, our estimates of the strength of selection on nonsynonymous
sites and non-coding DNA will be underestimates. However, our conclusions on the
relative rate of adaptive substitution between nonsynonymous sites and non-coding

DNA or between autosomal and X-linked genes will be unaffected.

Definition of cis-regulatory DNA. In Chapter 3, I quantified the rate of adaptive
substitution in non-coding DNA that was ~500 bp upstream and downstream of
protein-coding genes. Based on their location close to the genes, these regions are
likely to contain cis-regulatory elements, such as promoters of transcription.
However, I do not provide direct evidence, such as motifs, for the existence of
cis-regulatory elements in these regions. Therefore, I might have underestimated the
level of selective constraint and the rate of adaptive substitution on cis-regulatory

DNA.

Estimates of a by different studies. The point estimates for o for nonsynonymous
sites of autosomal protein-coding genes in M. m. castaneus varied substantially

between studies. In Chapter 3, where a small sample of genes was used, o was
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estimated to be ~0.4-0.5, depending on the outgroup used and the class of sites that
was used as the neutral standard. In Chapter 4, where a much larger number of genes
was used, o was estimated to be lower (~0.3; non-significantly lower than the
Chapter 3 estimate). The higher estimate for a from Chapter 3 is likely due to the
biased sample of genes that was used to perform the analysis. The gene sample from
Chapter 3 is enriched in genes that are orthologous to human genes that are
associated with human genetic diseases whose susceptibility is influenced by
environmental challenge (Livingston et al. 2004). Therefore, the o estimate from
Chapter 4 which was produced by analysis of a very large and unbiased sample of
genes is likely to be more accurate than the estimate from Chapter 3. However, in
Chapter 2, when I used discretised distributions to model the DFE, I obtained an
even lower estimate for o than the estimate from Chapter 4 (0.2 versus 0.3,
respectively), even though I used exactly the same data in the two analyses. Since the
discretised distribution models were shown to fit the nonsynonymous data better than
the gamma distribution model, I conclude that the most likely estimate for o for
nonsynonymous sites of autosomal protein-coding genes in M. m. castaneus and

when using the rat as the outgroup is the one from Chapter 2, i.e. 0.2.

5.4 General implications of findings and future directions.

The results presented in the thesis are informative for many subjects of evolutionary
genetics research and I discuss here their general implications and suggest future

directions of research.
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Selectionist-neutralist controversy. The study of natural selection in M. m.
castaneus revealed substantial evidence of positive selection on protein-coding genes
(Chapters 3 and 4). In Chapter 3, I analysed a small number of protein-coding genes
and in Chapter 4, I expanded the analysis to a large proportion of the protein-coding
genes in the mouse genome. The proportion of nonsynonymous substitutions that
were fixed by positive selection () was consistently found to be significantly greater
from zero in both studies, even though the estimate for alpha varied substantially
between the two studies (0.5 versus 0.3 in Chapters 3 and 4, respectively)This result
is in direct contrast to the prediction of the neutral theory for only a minor,
insignificant, contribution of adaptive substitutions to molecular evolution (Kimura
1985). For the past decade, evidence has continuously accumulated against the
neutral theory (Fay 2011). Continued use of the neutral theory may prove to be an
impediment to progress in evolutionary genetics research (Hahn 2008). Future work
should focus on developing a new theory of molecular evolution that can explain
observations such as those presented in Chapters 3 and 4 and that will replace the

neutral theory as the 'null' hypothesis.

The distribution of fitness effects of new mutations. The DFE is frequently
modelled as a unimodal distribution such as the gamma or lognormal distributions
(Eyre-Walker and Keightley 2007). In Chapter 2, it was shown that fitting unimodal

distributions to multimodal DFEs can lead to significant biases in the estimates of

important parameters of the DFE, such as N,s and # . Therefore, estimates of these
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parameters from previous work that modelled the DFE as a unimodal distribution
might be biased. Since the true shape of the DFE is unknown, it is desirable to model
the DFE without assuming a particular shape (Keightley and Eyre-Walker 2010). I
took steps in this direction by developing the spikes and steps models. The spikes
and steps models generally had as good or better performance than the
gamma/lognormal models when fitted to unimodal or multi-modal DFEs. These
results suggest that the gamma and lognormal distributions should perhaps be
abandoned as models of the DFE and the spikes or steps models be used in all cases
instead. Future studies should focus on improving the more realistic steps model. For
example, instead of modelling each step as a uniform distribution, one could allow
for more complex distributions. This could be especially useful for modelling the
part of the DFE that lies in the N.s range of 0 to 1. The shape of the DFE within this
range is critical for estimating # .

The evidence for a bimodal DFE for nonsynonymous mutations in M. m.
castaneus suggests that the DFE can indeed be complex, justifying the use of
spikes/steps models to infer it. Future studies should use the spike/steps models to
infer the DFE for a greater variety of species and investigate whether biological
parameters (e.g. N,) can predict the level of complexity of the DFE.

Finally, the simulation work in Chapter 2 revealed that the SFS contains only
limited information on the DFE. Therefore, by using only SFS data we can only gain
a very rough, low-resolution, picture of the DFE, irrespective of the model that is
used to infer it. Future work should focus on developing methods that use more types

of data to infer the DFE. For example, the pattern of sequence diversity, linkage
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disequilibrium and the haplotype structure in the vicinity of a gene might be

informative on the strength of negative and positive selection that acts on the gene.

The locus of adaptation: Protein-coding genes or non-coding DNA? The finding
in Chapter 3 that negative selection is significantly stronger on nonsynonymous sites
than non-coding DNA supports the notion that cis-regulatory DNA experiences less
pleiotropic constraints than protein-coding genes, and is potentially more amenable
to change. However, the finding that positive selection is weak on non-coding DNA
and only 5-10% of non-coding substitutions are adaptive (Chapter 3) suggests that
non-coding change is dominated by neutral substitutions. Interestingly, the rate of
adaptive relative to neutral substitution (w,) is similar for nonsynonymous sites and
non-coding DNA (Chapter 3), which suggests that non-coding DNA receives at least
as many adaptive substitutions per base pair and per unit of time as nonsynonymous
sites. Therefore, the results from Chapter 3 appear to give equal support to the two
alternative hypotheses on the locus of adaptation.

A step forward in resolving the debate on the locus of adaptation might be to
do a genome-wide study and analyse polymorphism data for most of the
protein-coding genes and most of the DNA sequence that has cis-regulatory function
in the genome. The answer to the debate will ultimately depend on the total input of
adaptive substitutions in protein-coding genes versus non-coding DNA. Moreover,
since both weakly and strongly selected mutations contribute to adaptive
substitutions, it will be of interest to calculate the mean selective effect of mutations

that are under positive selection for protein-coding genes and non-coding DNA. A
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class of sites might have a high input of adaptive substitutions, but the effect of the

mutations might be very weak, thus resulting in only small changes in fitness.

The two rules of speciation and their causes. Haldane's rule and the large effect of
the X chromosome in speciation are phenomena that have been studied intensively
by geneticists in order to uncover their evolutionary causes (Coyne and Orr 2004).
Many hypotheses have been suggested to explain these phenomena (outlined in
Chapter 1). The study of natural selection at the molecular level can allow tests of
predictions of these hypotheses. The observation from Chapter 4 that X-linked genes
experience a faster rate of adaptive substitution than autosomal genes in M. m.
castaneus 1s consistent with the faster-X hypothesis (Charlesworth et al. 1987). The
magnitude of faster-X evolution that is inferred in Chapter 4 can be explained if we
assume that most adaptive substitutions come from new mutations rather than
standing variation, and that advantageous mutations are partially recessive with an
average dominance coefficient that is less than 0.25. However, analysis of genes that
are expressed during different stages of spermatogenesis produced equivocal support
to the faster-X hypothesis. In particular, autosomal and X-linked genes that are
expressed in the pre-meiotic stage of spermatogenesis were found to have a similar
rate of adaptive substitution. If new advantageous mutations were on average
recessive, the pre-meiotically expressed genes would be expected to display the
strongest evidence for faster-X evolution. Previous studies have reported that genes
that are pre-meiotically expressed in spermatogenesis are female-biased in

expression and therefore potentially under stronger selection in females (Zhang et al.
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2010) and such genes are not expected to display faster-X evolution (Charlesworth et
al. 1987). Therefore the evidence from the analysis of spermatogenesis-expressed
genes neither favours nor contradicts the faster-X hypothesis.

Increasing evidence suggests that adaptation from standing variation is more
common than previously thought (Karasov et al. 2010; Garud et al. 2013), which
would suggest that partial dominance of new advantageous mutations might not be
sufficient to explain faster-X evolution (Connallon et al. 2012) and consequently
might not be capable of explaining the two rules of speciation. Therefore, alternative
hypotheses should be considered to explain the results from Chapter 4. It has been
suggested that intragenomic conflict over the transmission of sex chromosomes has
shaped their special features and evolution (Meiklejohn and Tao 2010). Such conflict
can arise from selfish genetic elements such as segregation distorters (also known as
meiotic drive elements) (Presgraves 2008; Presgraves 2010). Segregation distorters
are predicted to accumulate faster on sex chromosomes than autosomes (Frank 1991;
Hurst and Pomiankowski 1991) and evidence for a disproportionate number of such
elements on the X chromosome has been found in Drosophila (Jaenike 2001).
Therefore, an explanation that involves preferential accumulation of segregation
distorters and other selfish genetic elements on the X chromosome, which evolves
rapidly due to genetic conflict, might be sufficient to explain the observed faster-X
evolution. However, extensive mapping work for these elements is currently lacking
(Meiklejohn and Tao 2010). Whether intragenomic conflict over the transmission of
sex chromosomes can also explain the two rules of speciation is highly contested

(Coyne and Orr 2004; Meiklejohn and Tao 2010; Presgraves 2010).
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Future work on the subject should focus on quantifying the rate of adaptive
evolution on autosomes and the X chromosome for more species. Future studies
should go beyond MK-test approaches and attempt to estimate the type (hard or soft)
and frequency of selective sweeps on the X chromosome. In this way, a critical
assumption of the faster-X hypothesis, that is the higher frequency of hard than soft
sweeps, will be more thoroughly tested. Finally, work on sex chromosome evolution
should also focus on thoroughly documenting and mapping segregation distorter
elements in order to assess their importance in shaping the special features of the sex

chromosomes.
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Appendix

The appendix comprises of two parts (A and B).
In part A, I give supplementary information for Chapters 2, 3 and 4.

In part B, I provide reprints of the published papers that have arisen from this thesis.
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Appendix A
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A.2 Supplementary material for Chapter 2
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A.2.1 Table. The median estimates and the 5 and 95" percentiles for the parameters

of each of the tested models for each simulation set over 100 replicates (SIM1,

SIM2, SIM3). The inferred parameters for the lognormal and beta model are given

unscaled by N.=100.

Model Parameter SIM1 SIM2 SIM3
Lognormal -3.3 -0.10 -3.1
K [32,33]  [2.1X10%02]  [3.6,3.1]
o 1.8 3.7 1.6
[1.7, 1.9] [3.6, 3.85] [1.5, 1.6]
Gamma 0.051 0.0012 0.069
a [0.046, 0.056] [0.0010, 0.0013] [0.0062, 0.0076]
b 0.51 0.33 0.66
[0.49,0.53]  [0.32,0.34]  [0.63,0.69]
Beta N 0'?9 0.20 0.63
0.46,0.51] [0.19, 0.22] [0.60, 0.67]
0.10 6.3
ke 47143521 1909,0.11] [5.7, 7.0]
Best spike 1.2 0.49 4.9X10*
N.si 12
[1.1,1.3] [0,-08]  [1.5X10™, 1.1]
Nasy 16 13 53
[14, 18] [2.9, 47] [4.5, 8.5]
N, ] 92 58
e [76, 710] [34, 496]
0.52 0.18 0.21
P [0.49, 0.55] [0.13,0.2] [0.19, 0.41]
0.13 0.57
p2 [0.05,0.58]  [0.45,0.64]
Best step N 2.2 0.86 1.4X10°
! [1.8,2.6] [06,12]  [1.7X10", 1.8]
Nass 29 189 10
e [24.8, 33.6] [178, 202] [7.6, 15]
Ness - - il
[58, 6X10°]
P 0.47 0.17 0.11
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Model Parameter SIM1 SIM?2 SIM3
[0.41, 0.52] [0.15, 0.18] [0.090, 0.28]
0.73
P2 ) ) [0.58, 0.75]
0.14 0.10 0.13
P [0.04,0.2] [0.02, 0.14] [0.011, 0.20]
0.20 0.070 0.12
P2 [0.11, 0.38] [0, 0.19] [7.1X10", 0.34]
6-fixed 0.27 2.2X10% 0.44
spikes ps [0.09, 0.38] [0, 0.11] [0.22,0.61]
0.23 0.070 0.13
ps [0.12, 0.38] [0, 0.16] [1.9X107, 0.28]
Ds 0.140.01, 0.18] [0?6134] [0(?'(1;‘2]
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A.3 Supplementary material for Chapter 3

A.3.1 Table. Genes analyzed in Chapter 3 and details on bp that were successfully

sequenced for exonic, intronic, upstream and downstream site classes.

Code l?aer?lz ExonicIntronic (US"lI“)R) (U3”I[‘)R) (intels"genic) (inteigenic) t(;t; ! t(;')t; :
101 Gucyla3d 646 - - - - - - -
102 Pla2gda 545 1477 687 438 - 163 687 601
103 Umps 779 721 22 647 553 - 575 647
104 Egfr 456 896 280 - 331 685 611 685
106  Orc3l 432 1165 33 593 390 - 423 593
107 Celal 499 1625 27 - 532 - 559 -
108 Cyp2c39 403 483 49 335 415 229 464 564
109 Nfl 756 663 - 573 541 - 541 573
110 Xpc 886 299 89 517 556 - 645 517
111 Angptl7 698 795 173 573 422 - 595 573
112 Prkdl 689 768 - 550 - - - 550
113 mmp2l 767 774 7 136 620 283 627 419
114 mad2l2 338 780 305 283 273 356 578 639
115 prdxl 471 1610 545 468 - - 545 468
116  bacel 758 705 499 624 75 - 574 624
117 Cyp2bl0 512 825 21 375 538 212 559 587
118  cdc20 724 792 222 62 203 497 425 559
119 fgfr2 504 1224 394 580 - - 394 580
120 MmplS5 835 696 532 493 71 - 603 493
121 Cypl7al 679 793 157 160 324 404 481 564
122 Adm 568 704 609 535 19 - 628 535
124 Tert 829 1066 29 28 547 457 576 485
125 Cyp4bl 540 787 18 - 619 - 637 -
126  Rrm2b 429 470 83 1451 279 - 362 1451
127  prdx2 513 852 400 228 - 245 400 473
130 mt3 109 10 - 28 - - - 28

131 Mmsl9 668 833 23 505 448 - 471 505
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132
133
134
135
137
139
140
141
143
144
145
147
148
149
150
151
152
153
154
155
157
158
159
160
162
163
164
165
166
167
168
170
174
175
176
177

mpo
Epx
tgtblil
mapk11
Cyplal
stk25
csk
por
mmpl6
revl
adhl
adh4
adhS
itgal
tpo
Capn3
ddbl
pdlim]1
tipl
ppib
cdc42bpb
aoc2
aoc3
ckb
Nos2
fmo3
tdpl
gabl
abpl
poln
fgf21
blm
hspas
msrl
pax3
abll

1111
699
713
452
981
758
779
440
557
857
590
492
500
803
681
479
709
476
1013
135
710
588
972
969
614
702
592
661
1212
719
585
1255
595
360
469
221

1479
1130
281
772
781
843
1186
821
1004
1408
664
105
549
624
1370
412
601
25
345
323
470
393
321
639
878
70
551
479
812
45
564
454

20

423
122

537
400
554
312
104
451

121
501
73
81
314
408
97

30
334
380
411

18
464
400

116

356

423
495

537
566
554
312
300
451
382

527
501
659
645
840
671
676

495
629
568
411

18
464
400

202

460
610
582
370
525
393
539
523
344
608
549

553
476
549
583
570
624
684

501

479

476

205
449

347

356
239
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178  recql4 262 42 - - - - - -
180  casp8 621 - - - - - - -
181 osrl 396 883 434 - - - 434 -
182 rxra 443 18 - - - - - -
189  dclrelb 512 - - - - - - -
190  cdc37 279 31 - - - - - -
191 neil3 566 10 - - - - - -
192  foxml 384 - - - - - - -
193 fmo5 291 - - - - - - -
194  scara3 435 - - - - - - -
196 sprr3 499 - - - - - - -
197 seppl 836 456 385 315 - - 385 315
198 birc2 467 - - - - - - -

199 fgfs 564 - - - - - - -
200  chrna4 551 - - - - - - -

A.3.2 Table. A comparison of the dataset analysed in Chapter 3 and the Halligan et

al. (2010) dataset.

Code Gene Exonic bp Exonic bp Intronic bp Intronic bp
name (Halligan et al 2010)(this study) (Halligan et al. 2010) (this study)

101  Gucyla3 0 646 0 0
102 Pla2gda 460 545 871 1477
103 Umps 670 779 721 721
104 Egfr 381 456 896 896
106  Orc3l 305 432 929 1165
107  Celal 369 499 922 1625
108 Cyp2c39 187 403 483 483
109 Nfl 699 756 663 663
110 Xpc 675 886 0 299
111 Angptl7 461 698 795 795
112 Prkdl 546 689 768 768
113 mmp21 531 767 774 774
114 mad2]2 292 338 744 780
115 prdxl 281 471 1021 1610

116  bacel 537 758 705 705
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117
118
119
120
121
122
124
125
126
127
130
131
132
133
134
135
137
139
140
141
143
144
145
147
148
149
150
151
152
153
154
155
157
158
159
160

Cyp2bl0
cdc20
fgfr2

Mmpl5

Cypl7al
Adm

Tert
Cyp4bl
Rrm2b
prdx2
mt3
Mms19
mpo
Epx
tgfblil
mapk11
Cyplal
stk25
csk
por
mmpl6
revl
adhl
adh4
adh5
itgal
tpo
Capn3
ddbl
pdlim]1
tipl
ppib
cdc42bpb
aoc2
aoc3
ckb

310
505
300
569
455
354
637
483
382
244
109
554
832
508
389
452
295
689
581
212
303
812
566
492
480
617
549
407
608
344
998
114
598
225
928
787

512
724
504
835
679
568
829
541
429
513
109
668
1111
699
713
452
981
758
779
440
557
857
590
492
500
803
681
479
709
476
1013
135
710
588
972
969

159
792
998
696
793
291
681
787
470
280
10
751
499
764
137
772
274
625
610
326
367
313
536
105
222
557
708
347
601
25
304
323
48
223
321
405

204

825
792
1224
696
793
704
1066
787
470
852
10

833
1479
1130
281
772
781
843
1186
821
1004
1408
664
105
549
624
1370
412
601

25
345
323
470
393
321
639
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163
164
165
166
167
168
170
174
175
176
177
178
180
181
182
189
190
191
192
193
194
196
197
198
199
200

Nos2
fmo3
tdpl
gabl
abpl
poln
fgf21
blm
hspa5
msrl
pax3
abll
recql4
caspd
osrl
rxra
dclrelb
cdc37
neil3
foxm1
fmo5
scara3
sprr3
seppl
birc2
fgf5
chrna4

532
702
561
548
1083
638
585
1255
475
360
469
221
262
621
396
443
512
279
566
384
291
435
499
735
467
564
551

614
702
592
661
1212
719
585
1255
595
360
469
221
262
621
396
443
512
279
566
384
291
435
499
836
467
564
551

32
70
73

31
127

100

S O O O O O O

205

878
70
551
479
812
45
564
454

20

42

883
18

31
10

(e}

456

oS o O
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A.4 Supplementary material for Chapter 4

Declaration: The Supplementary text below was not written by the author of this
thesis. It is provided only for clarification of details regarding the sequencing

techniques that were employed to generate the data analysed in this chapter.

A.4.1 Supplementary text. Details on Sequencing, SNP and genotype calling
Estimation of the accuracy of lllumina sequencing.
We attempted to check the accuracy of the Illumina SNP calls by comparing

Illumina-based genotype calls with those made using traditional Sanger sequencing

technology of the same individuals from a previous study (Halligan et al. 2010). We
attempted to reduce the error rate within the Sanger based genotype calls by choosing
regions of the genome for which we had Sanger sequence chromatograms in both
directions, from coding sequence data only (where alignments are less error prone)
and where both the forward and reverse sequence chromatograms were clear and had
little background noise.

We were able to make genotype comparisons at a total of 16,249 sites, and
were able to compare a total of 99,459 individual genotype calls. The majority of
these sites were called as invariant by both methods, only 244 sites being called as
variant by either method. At these sites, we observed a total of 55 discrepant SNP

calls (over a total of 33 sites), however for 34 SNP calls (covering 20 sites) the error
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could confidently be assigned to the Sanger technology and for 19 SNP calls (11
sites) the error could tentatively be assigned to the Sanger technology. Assignment of
the error to Sanger sequencing in these cases resulted from several observations.
Firstly, in nine of these cases, we could identify strong evidence for the genotype
called by Illumina in the Sanger chromatograms. In some cases, this was due to an
incorrect heterozygous genotype code being used (e.g. R, implying A/G instead of Y
implying C/T) when calling the Sanger genotypes, though it is worth noting that
these errors would not affect the inferred site frequency spectrum. In other cases,
where Sanger called a genotype as homozygous and Illumina called the genotype as
heterozygous, it was clear upon re-inspection that two peaks were evident in the
sequence chromatogram corresponding to the two bases called by Illumina.
Secondly, in six cases, the Sanger and Illumina genotypes matched for all
individuals, but genotypes for two individuals were swapped. The most parsimonious
explanation for this would be an error in labelling tubes during preparation for
Sanger sequencing, since this was only observed in two of the 80 amplicons. Again,
an error of this type would not affect the inferred site frequency spectrum. Thirdly,
for the remaining 19 cases, we could confidently assign the error to cases of single
allele amplification when carrying out Sanger sequencing. In all of these cases,
heterozygous individuals called by Illumina were homozygous when called by
Sanger, the Sanger amplicons showed no heterozygosity throughout their length, and
we could confidently identify a heterozygous position within one of the Sanger

primer sites from the Illumina sequences of the individuals that were discrepant.
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Furthermore, in all of these cases the Illumina read depth was not abnormally high,
which would be predicted if reads from paralogs were aligned to the same region.

For 19 discrepant SNP calls that could be tentatively assigned as Sanger
errors, 13 were from a single Sanger amplicon. The SNP calls throughout this
amplicon were consistent with three individuals being swapped. The remaining six
SNP calls tentatively assigned as Sanger errors were comprised of five homozygous
genotype calls in Illumina, but heterozygous calls in Sanger and one heterozygous
call in Illumina but homozygous in Sanger. In the first instance it is possible that
background noise in sequence traces caused an incorrect genotype call in the Sanger
technology. In the second instance the discrepancy could be due to a recent
duplication combined with mapping of Illumina reads from a duplicate region to the
same genomic section, or alternatively, single allele amplification of the Sanger
amplicon.

In only one case could we confidently assign the error to Illumina sequencing
(and in this case the reported genotype quality from SAMtools had an exceptionally
low value of 3) . In one other case we could tentatively assign the error to Illumina
sequencing. The results indicate that for this dataset our Illumina sequencing is much
more accurate than the Sanger sequence data for the same regions, and furthermore,
that the Illumina sequencing based error rate is low. Accepting that we have two
[llumina errors, the error rate = 2/99,459 = 0.002% per genotype call or 2/16,249 =

0.012% per site.
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SNP calling.
We created bef (genotype likelihood) files for each chromosome from the individual

BAM files using ‘samtools mpileup’ with options -D -S -g -m 2 -F 0.0005 -P

ILLUMINA (Li et al. 2009). We then used ‘beftools view’ with options -A -g to
obtain SNP calls for every site in the genome. bcftools allows the specification of a
prior allele frequency spectrum (AFS), which can improve genotype calls at each
site. We obtained a suitable prior AFS for the genome using an iterative approach
(see http://samtools.sourceforge.net/mpileup.shtml). We used bcftools to estimate a
posterior allele frequency spectrum (AFS) for all sites on chromosome 1, then used
the AFS as a prior (using option -P) for a second call to bcftools, and iterated until
the prior and posterior converged. The final posterior AFS was then used as a prior to
obtain genotype calls for the whole genome, which were used to obtain site
frequency spectra for specific genomic regions. We called all genotypes using an
approximate M. m. castaneus reference sequence, which is identical to the
NCBIM37/mm9 reference sequence, but with all SNPs at a frequency of >0.5
replaced with the major allele observed amongst the M. m. castaneus individuals.
This reduced the number of SNP calls representing fixed differences between the
mouse reference and the M. m. castaneus sequences and reduced the number of
triallelic SNP calls (which can arise if a variant in M. m. castaneus also has a fixed

difference to the reference).

Construction of the M. famulus genome sequence.
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M. famulus is divergent from M. m. castaneus and the M. m. musculus reference
sequence and assembly of its genome sequence is therefore worth some special
consideration. Specifically, divergent regions in the genome will reduce the efficacy
or accuracy of the final sequence because reads with too many differences to the
reference cannot be mapped properly to the reference genome. To mitigate this
effect, we used an 'iterative mapping' approach where successive rounds of read
mapping are conducted and after each iteration a new genome sequence is generated
for use in the next iteration. In effect, we are converting the original reference
genome to a M. famulus reference genome by changing the divergent sites to match
those from M. famulus. Therefore, regions of high divergence where reads cannot be
aligned initially may eventually be assembled as divergent sites are eliminated from
the reference.

We aligned each of the lanes of data to the reference genome independently
using BWA v0.5.9. We used SAMtools v0.1.16 mpileup to call variant SNPs and
converted variant positions in the reference to match the all high quality homozygous
variant calls (genotype quality, GQ > 40). With this approach we ignored all shared
polymorphisms that are heterozygous in our M. famulus sample and more
importantly we also ignore potential indel divergence. We discarded indels and SNPs
neighbouring indels to avoid converting regions of the genome where read mapping
has erroneously generated indels due to repeats and to retain the same position
indices of genomic features as the reference genome. The new reference was then

used to repeat this process. The most improvement in terms of positions covered and
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reads mapped occurred in the first and second iteration, after which the gains made
with successive iterations plateaued. We carried out a total of five iterations over

which the number of reads mapped increased from 72.6% to 84.0% and the median
coverage improved from improved from 23x to 25x. After five iterations we called
the final genotype of the M. famulus genome using the same methods described for

the M. m. castaneus.

End of supplementary text
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Abstract

During the past two decades, evidence has accumulated of adaptive evolution within protein-coding genes in a variety of
species. However, with the exception of Drosophila and humans, little is known about the extent of adaptive evolution in
noncoding DNA. Here, we study regions upstream and downstream of protein-coding genes in the house mouse Mus
musculus castaneus, a species that has a much larger effective population size (N.) than humans. We analyze
polymorphism data for 78 genes from 15 wild-caught M. m. castaneus individuals and divergence to a closely related
species, Mus famulus. We find high levels of nucleotide diversity and moderate levels of selective constraint in upstream
and downstream regions compared with nonsynonymous sites of protein-coding genes. From the polymorphism data, we
estimate the distribution of fitness effects (DFE) of new mutations and infer that most new mutations in upstream and
downstream regions behave as effectively neutral and that only a small fraction is strongly negatively selected. We also estimate
the fraction of substitutions that have been driven to fixation by paositive selection (x) and the ratio of adaptive to neutral
divergence (2,,). We find that « for upstream and downstream regions (—~10%) is much lower than o for nonsynonymous sites
(~50%). However, @, estimates are very similar for nonsynonymous sites (~~10%) and upstream and downstream regions
(—5%). We conclude that negative selection operating in upstream and downstream regions of M. m. castaneus is weak
and that the low values of = for upstream and downstream regions relative to nonsynonymous sites are most likely due to
the presence of a higher proportion of neutrally evolving sites and not due to lower absolute rates of adaptive substitution.

Key words: adaptive evolution, effective population size, wild mice, selective constraint, upstream and downstream
regions.

a large N, (Charlesworth and Eyre-Walker 2006), close to
zero in Arabidopsis (A. lyrata and A thaliana), which
has small N, (Foxe et al. 2008), and about 40% in Capsella
grandiflora, a species closely related to A. thaliana with a
larger N, (Slotte et al 2010). A recent study of the house
mouse Mus musculus castaneus, which has N, comparable
with Drosophila, also produced a high estimate of x for
protein-coding genes (~50%; Halligan et al. 2010), again
suggesting that N, is a strong determinant of the efficacy

Introduction

In recent years, the search for evidence of adaptive evolu-
tion at the molecular level has been at the forefront of ge-
netics research. A principal motivation has been to identify
regions of the genome that have experienced adaptive evo-
lution because this might provide clues to their functional
importance and may be informative about the features
that make each species unique. There have been a wealth

of studies focusing on protein-coding genes. Studies in Dro-
sophila, employing variants of the McDonald=Kreitman
(MK) test (McDonald and Kreitman 1991), suggest a high
proportion of adaptive amino acid substitutions (a) (50%
or more; Smith and Eyre-Walker 2002; Sawyer et al 2003;
Bierne and Eyre-Walker 2004; Welch 2006; Shapiro et al
2007; Eyre-Walker and Keightley 2009), whereas in humans
similar studies have produced low estimates of x (0-20%;
The Chimpanzee Sequencing and Analysis Consortium
2005; Zhang and Li 2005; Boyko et al. 2008; Eyre-Walker
and Keightley 2009). These contrasting results between
Drosophila and humans have been interpreted to be a con-
sequence of different effective population sizes (N.), that is,
the small N, of the hominid lineage could have resulted in
a reduced efficacy of natural selection. Other evidence
points to a positive relationship between x and recent
Ne. For example, o for protein-coding genes has been esti-
mated to be 50% or more in enteric bacteria, which have

of positive selection on amino acid-changing mutations
across taxa.

Estimates of the frequency of adaptive nudeotide sub-
stitution in noncoding DNA are currently restricted to
Drosophila and humans. In Drosophila, estimates of o
for5" and 3" untranslated regions (UTRs) are nearly as high
as for protein-coding genes (ie, 50% or more; Kohn et al
2004; Andolfatto 2005; Haddrill et al. 2008) and for introns
and intergenic regions are relatively low (~10-20%;
Andolfatto 2005; Haddrill et al. 2008). In humans, estimates
of « for noncoding regions upstream and downstream of
protein-coding genes are close to zero (Keightley et al 2005;
Eyre-Walker and Keightley 2009).

In this study, we investigate positive and negative selec-
tion operating on noncoding regions upstream and down-
stream of the protein-coding genes in a sample of the
house mouse M. m. castaneus that were previously studied
by Halligan et al. (2070). We study regions upstream and

© The Author 2010. Published by Oxford University Press on behalf of the Society for Molecular Biology and Evolution. All rights reserved. For permissions, please

e-mail: journalspermissions@oup.com
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downstream of protein-coding genes that are known to be
enriched for regulatory elements (Xie et al. 2005; Veyrieras
et al 2008) and are implicated in the control of transcrip-
tion and translation (Gray and Wickens 1998; Shabalina
and Spiridonov 2004). Previous studies in murids have
shown that ~30% of sites in 5'- and 3'-UTRs and
~-10% of sites that are within the first 3-5 kb upstream
and downstream of the transcription start and stop codon,
respectively, are subject to negative selection (Keightley
et al 2005; Gaffney and Keightley 2006). Here, we perform
a more thorough investigation of negative selection oper-
ating in upstream and downstream regions by estimating
the full distribution of fitness effects (DFE) of new muta-
tions. We then proceed to investigate positive selection by
estimating o using a method that attempts to account for
the presence of slightly deleterious mutations: The DFE is
used to predict the expected divergence between two spe-
cies caused by the fixation of neutral and slightly deleteri-
ous mutations, and this is compared with the observed
divergence (Eyre-Walker and Keightley 2009). The differ-
ence between the observed and expected divergence is
used to estimate the amount of adaptive divergence
and o. We also estimate @, the rate of adaptive divergence
relative to neutral divergence, which allows us to better
compare rates of adaptive evolution between species, by
controlling for the effects of N. on the numbers of effec-
tively neutral substitutions (Gossmann et al. 2010).

Materials and Methods

Sampling of Mice

We analyzed 15 M. m. castaneus individuals sampled from
four regions south of the Himalayas in the Himachal
Pradesh state of India. We also generated sequence data from
a Mus famulus individual originating from India that was
previously obtained from the Montpellier wild mice genetic
repository (http://www.isem.cnrs.fr/spip.phplarticle4777).
A more detailed description of the sampling of the mice
can be found in Halligan et al (2010).

Choice of Genes
We analyzed 78 autosomal genes from M. m. castaneus
whose human orthologs have also been sequenced as part
of the Environmental Genome Project (EGP) (Livingston
et al 2004). The EGP data set is enriched for genes that
are involved in pathways for DNA repair, cell cycle control,
drug metabolism, and apoptosis and therefore non random
(Livingston et al 2004). The genes were chosen if there were
African human polymorphism data available; this enabled us
to more directly compare the results in humans with mice.
As part of this study, we successfully sequenced up-
stream and downstream regions for 49 and 51 genes, re-
spectively, in 15 M. m. castaneus individuals and one
M. famulus individual We designed primers to amplify
the upstream region of each gene, which lies approximately
up to 500 bp upstream of the first codon of the first exon as
annotated in the reference mouse genome. Similarly, to
amplify the downstream region of each gene, we designed
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primers that captured the region that lies approximately
up to 500 bp downstream of the stop codon of the last
exon in the reference mouse genome. We chose to se-
quence ~500 bp upstream and downstream of protein-
coding genes because evidence from studies of selective
constraint, regulatory motifs, and expression-quantitative
trait loci suggest that there is high density of functional
elements in these regions (Xie et al. 2005 Gaffney and
Keightley 2006; Veyrieras et al. 2008). Additionally, the in-
terpretation of sequences further upstream and down-
stream from these regions was made more difficult by
frequent indel variation, making calling of single nucleotide
polymorphisms (SNPs) problematic. In supplementary
table $1, Supplementary Material online, we give details
of the genes analyzed in this study and the upstream and
downstream regions that we successfully sequenced. We
chose not to restrict our analyses to those genes for which
upstream, downstream, exonic, and intronic sequence
data were available because the smaller samples for intronic
(65), upstream (49), and downstream (51) site classes are
unbiased in relation to the larger data set for exonic se-
quence (78). The set of genes for which we have upstream
and downstream sequence data overlap in almost all cases.
Additionally, in analyses where a putatively neutral (i.e., syn-
onymous or intronic sites) and a selected class (i.e, nonsy-
nonymous, upstream, or downstream) were required, we
only analyzed genes for which both the neutral and the se-
lected class were sequenced. We have also updated the data
set of Halligan et al (2010) with new exonic and intronic
sequence of the 78 genes. We reanalyzed the exonic and in-
tronic data sets because we had ~20% new exonic sequence
data and ~60% new intronic sequence data. Supplementary
table 52, Supplementary Material online, shows in detail the
differences between the Halligan et al. (2010) data set and
the updated data set used in this study.

Sequencing

GoTaq DNA polymerase (Promega) was used in touchdown-
style polymerase chain reactions (PCRs): an initial denatur-
ation step of 95 °C for 15 min, followed by 28 cycles
of 95 °C for 30 s, 62 °C for 45 s (reducing by 0.5 °C every
cycle), 72 °C for 2 min, then 12 cycles of 95 °C for 305, 52 °C
for 455, and 72 °C for 2 min, with a final extension step at
72 °C for 10 min. ExoSAP-IT (USB) was used for the puri-
fication of PCR products. If we obtained nonspecific PCR
products, we designed new primers to try to increase the
specificity. Sequencing was done using Big Dye Terminator
Sequencing Kits (Applied Biosystems, Foster City, CA) on
an ABI Prism 3730 DNA Analyzer, and both forward and
reverse sequences were generated. CodonCode Aligner ver-
sion 2.0.6 was used to analyze and detect variants (http://
www.codoncode.com/aligner/). We used Phred computer
program as employed in CodonCode Aligner to assess se-
quence quality. Sequences had an average Phred score of
=60. All sequence traces were manually checked. Sites with
a Phred score <<30, which could be low quality sequence
or heterozygotes, were manually checked but were
not automatically excluded in order to avoid excluding
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heterozygotes. Where sequence was found to be too low
quality, due to multiple indels or repetitive regions, new
amplicons were produced on either side of the difficult
to sequence area Such difficult to sequence areas were re-
plced by "N's before further analysis. Finally, we generated
alignments berween the 15 M m. castaneus, the M. fomulus
individual, and the M m. musculus reference sequence us-
ing CodonCode Aligner, and all alignments were checked
by eye before further analysis.

Dealing with Heterczygous Indels

Heterozygows indels can make SMP calls from sequence
traces problematic, and we took several steps to ensure
that SMP calls were accurate. First, we obtained sequences
from both strands for every amplicon. This allowed ws to
accurately call SMNPs up to a heterozygous indel without
having to interpret the sequence traces after the occur-
rence of heterozygous indel. Second, for many of the geno-
mic regions that we sequenced, we designed multiple
overlbpping amplicons to cover the region to ensure that
SNP calks on either side of heterozygous indels were accu-
rate. Third, we used CodonCode Aligner to call SMPs. This
software has specialized algorithms that are able to call
SMPs, following heterozygous indels, by interpreting the
out-of-sync signals from both strands in the sequence
traces. Fourth, we also manually checked all sequence
traces and SNP calls by eye, including manually disentan-
gling out-of-sync signals in sequence traces where hetero-
zygous indels were encountered. Fifth, we also very carefully
checked SMPs at sites where the genotype frequencies of
the individuals were not at Hardy-Weinberg equilibrium
(because this signal could be indicative of heterozygotes
being miscalled as homozygotes).

Sequence Processing

We obtained orthologous Rattus norvegicus sequences for
each amplicon wsing a reciprocal best-hits Blast approach.
To do this, we Blasted the mouse reference sequence
(mm9) for each amplicon, plus 200 bp of Aanking DA,
against two different assemblies (labeled “standard™ and
“alternative” ) of the at genome and searched for a recip-
rocal best hic. If we failed to find a reciprocal best hit for the
standard assembly, we searched the alternative assembly.
Both assermblies were downloaded from the University
of California=5anta Cruz (UCSC) genome browser the
standard was produced by the Baylor College of Medicine
Hurman Genome Sequencing Center (BCM-HGSC) as part
of the Rat Genome Sequencing Consortium, and the aler-
native was produced by Celera Genomics. If we failed to
identify an ortholog via the reciprocal best-hits approach,
we checked the relevant section in the "multiz30way”
whole-genome  sequence alignments of 30 vertebrates
(hrrps/fgenomeucscedus). We considered sequences to
be ortholegouws if the sequence of interest was located en-
tirely within a single unbroken alignment for mouse and
rat. We realignedall alignments obtained by either method
using MAVID (Bray and Pachrer 2004) and then subse-
quently checked them all by eye. Any obviously misaligned

sections identified when checking by eye were masked
from any further analysis. Using this procedure, putatively
orthologous rat sequences were obtained for at least part of
every mouse amplicon

We constructed alignments for each amplicon between
the mouse reference (mm3) sequence, the sequences from
all M. m. castaneus individuals, M. famulus, and rat. We an-
notated sites according to the mouse reference genome
into the following categoriess 5°, 3°, intron or coding
Within the coding category, sites were categorized as first,
second, or third positions as well as the level of degeneracy
in the genetic code (zero-fold-, 2-fold-, or &fold degener-
ate). We excluded potential splice sites of introns (defined
asthe first & bp or last 16 bp of an intron) From any analysis.
We also categorized sites on the basis of their CpG-prone
status (defined as being preceded by a Cor followed by a G
in any species).
Summary Statistics
We assume that segregating polymorphisms are biallelic. If
there were more than two alleles segregating at a site, we
only consider the two most frequent alleles. We calculated
twio statistics for nucleotide diversity, © and Watterson's £
(Bl

Let the site frequency spectrurm [SF5) of a class of sites be
the vector v, containing i (0 = i <2 n) segregating alleles in
a sample of n alleles from the population. Then, & and 0,
are calculbred as follows (Watterson 1975; Tajima 1983k

Z?: 1.I i(n N J'}I.-', g = Zf: 1.I Vi
afn— 1) " Z:L::—

n=1

For our data set, given that we sequenced both chromao-
somes of each of the 15 M m. castaneus individuals, the
sampled number of alleles (1) was 30 if the sequencing
was successful for every individual. However, due to
sequencing failures, our data set did not contain 30
sequenced alleles for each site, sowe calculared composite
estimates of © and £, We calculated m and 0, for sites that
had the same number of alleles sequenced (categories of
coverage) and then summed the estimates across catego-
ries of coverage as per Halligan er al (2010).

For a population at Fisher=Wright equilibrium, and as-
sumning no selection, T and B, estimates are expected to be
equal to one another. They are expected to differ, however,
if there is a skew in the 5F5% toward low- or high-frequency
alleles. The levelof skew can be quantified by the Tajima's D
statistic (Tajima 1989). However, to calculate D, there
needs to be an equal number of alleles sequenced at each
site. We therefore rejected any sives where we had fewer
than 20 alleles sequenced. We then sampled without ne-
placement 20 alleles from each of the remaining sives
such that the number of alleles sampled at each site
was constant.

Mucleotide divergence (o) berween M m. castaneus and
both M. famulus and rat was calculated wsing the Kimura
Z-parameter comection (Kimura 1980). We had multiple
sequences for M. m. castaneus, so we computed an average
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divergence. We calculated evolutionary constraint Cy by
comparing substitution rates at a putatively neutral and
a selected site class. We use substitution rates at neutral
sites to estimate expected numbers of substitutions at se-
lected sites. Expected (E;) and observed (O4) numbers of
substitutions are compared, and constraint is calculated
as Cy = 1— 0,4/E; (Eyre-Walker and Keightley 1999; Keightley
and Gaffney 2003 ). We used synonymous sites as the neutral
dass.

Nonsynonymous and Synonymous Sites

We treated nonsynonymous and synonymous sites as in Li
(1993) and Pamilo and Bianchi (1993): All zero-fold degen-
erate sites were treated as nonsynonymous and 4-fold de-
generate sites as synonymous. At 2-fold degenerate sites,
transitions were considered synonymous and transver-
sions nonsynonymous. Unmutated 2-fold degenerate
sites were divided into nonsynonymous and synonymous
by considering the ratio of transitional and transversional
changes (t./t,) as calculated at 4-fold degenerate sites
across all genes in a comparison of M. m. castaneus
and M. famulus.

DFE of New Mutations

We employed a maximum likelihood (ML) approach de-
scribed by Keightley and Eyre-Walker (2007) to infer the
DFE of new mutations at nonsynonymous sites of coding
regions and in upstream and downstream regions as imple-
mented in the program DFE-alpha (available online at
http://homepages.ed.ac.uk/eang33/). The method assumes
two classes of sites, one neutral and one selected, and con-
trasts SFSs of the two classes. Fitness effects of new muta-
tions (s) are assumed to be zero in the neutral class and
unconditionally deleterious in the selected class and are
sampled from a gamma distribution with parameters
a(scale) and b (shape). The method also incorporates a sim-
ple demographic model: The population atan initial size N,
experiences a step change to N,, t generations in the past
We use a constant N4 of 100 so that the ratio No/N+, that is,
the change in population size, is actually estimated. An ad-
ditional parameter, f;, estimates the proportion of unmu-
tated sites. The parameter space of N,/N;, t/N,, f, a, and
b is searched to find the values that maximize the likeli-
hood of observing the neutral and selected 5FSs. In order
to account for variation in the number of alleles at each
site, we generated SFSs for sites that had the same number
of alleles sampled in both neutral and selected classes. We
summed the log-likelihoods of each SFS to produce the
overall log-likelihood as per Halligan et al. (2010). We also
explored the likelihood surface for the demographic and
selection parameters to check for any irregularities such
as local maxima (see supplementary figs. 51 and 52, Sup-
plementary Material online). The likelihood surfaces were
plotted using R (lhaka and Gentleman 1996). We interpo-
lated from the estimated parameters of the gamma distri-
bution, the percentages of mutations that fall within four
Ngs ranges: 0-1, 1-10, 10-100, and =100.
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Estimating Evolutionary Constraint by Using
Polymorphism Data

Evolutionary constraint, calculated using divergences (C),
will be biased downward if some fraction of the observed
divergence at the focal class is adaptive. We obtained
a second estimate of evolutionary constraint, which is
not subject to such biases, by using information from poly-
morphism data only (C;). We first estimate the average fix-
ation probability of a new, negatively selected mutation
(u) at the focal dass by integrating over the DFE as in
Eyre-Walker and Keightley (2009):

u= fw 2Nu(N, s)f(s|a, b} ds, (1)
0

where u (N, s) is the fixation probability of a new negatively
selected mutation (N is assumed equal to N).
C, can then be clculated as follows:

Co=1-u. (2)

Adaptive Evolution

To estimate the proportion of adaptive substitutions (),
approaches based on the MK test are frequently used (Eyre-
Walker 2006). However, these approaches do not take into
account slightly deleterious mutations, which contribute
proportionally more to polymorphism than divergence
and therefore can lead to underestimates of o. They also
ignore demographic history, which can be problematic, be-
cause a population size change in the past could produce
evolutionary signatures similar to selection. A recent exten-
sion of the MK test (Eyre-Walker and Keightley 2009) at-
tempts to take into account both slightly deleterious
mutations and population demography.

The method assumes a neutral and a selected class of
sites. The DFE in the selected class is first estimated, simul-
taneously accounting for demography as in Keightley and
Eyre-Walker (2007). The nucleotide divergence of the neu-
tral class (ds) is assumed to be proportional to the muta-
tion rate and divergence due to deleterious mutations in
the selected dass is the product of the mutation rate and
the average fixation probability of a new deleterious mu-
tation (). We can estimate the expected divergence (d...)
in the selected dass due to neutral and deleterious muta-
tions as follows:

dese = ds . {3}

The difference between the observed (dy) and estimated
divergence (d..;) estimates the amount of adaptive diver-
gence (dguprive = dx — desc) in the selected class (X). If we
scale dagaprive by dx we obtain o, the fraction of adaptive
substitutions in the selected class:

dadap\:i\e

= — 4
e @
However, as noted by Gossmann et al (2010), caution
should be exercised when comparing estimates of o from
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Table 1. Details of Genes Sequenced and Percentages of Sites Sequenced for All 30 Alleles and for at Least 20 Alleles.

% Sites Sequenced

Site Class Mumber of Genes Number of Sites Mean Mumber Sites Per Gene (SD) 30 Alleles >20 Alleles
Nonsynonymous 78 34,532 443 (160) 60 95
Synonymous 78 13,056 167 (63) 60 94
Intron 65 43,672 672 (413) 45 88
Upstream 49 25,303 516 (132) 50 93
Downstream 51 26,622 522 (182) 57 91

different species. Differences in the estimates of « could
reflect differences in the contribution of slightly deleterious
mutations to dy rather than different rates of adaptive sub-
stitution. We can control for differences in the frequency of
effectively neutral mutations in the selected dass by com-
puting e, the ratio of dadapeive to ds:

_ d‘a.\:la prive:

ds

1)y

(5)

We also estimated o using a simple but frequently used
method (Fay and Wu 20071;):

DsPy

DxPs’

Uy = 1 (6)
where Dy and Ds are counts of divergent sites between
M. m. castaneus and an outgroup species for selected and neu-
tral site classes, respectively, and Py and Ps counts of polymor-
phic sites for selected and neutral site classes, respectively.
Confidence intervals and standard error for all parame-
ters were obtained by bootstrapping 1,000 times by gene. P
values, computed for comparisons between site classes or
with zero, were obtained by two-tailed bootstrap tests.

Results

Data

Our data set consists of sequences from 78 autosomal
genes from a sample of 15 wild, unrelated M. m castaneus
individuals sampled from NW India. Part of the coding re-
gion of these genes and partial introns were sequenced in
a previous study (Halligan et al. 2010). In this study, we fo-
cus on regions directly upstream and downstream of the
coding region of these genes. We successfully amplified and
sequenced ~500 bp upstream and downstream from the
start and stop codon for a subset of 49 and 51 of the 78
genes, respectively (table 1). We have also updated the data
set of Halligan et al (2010) by obtaining additional exonic
and intronic sequence for the 78 genes, and we compared
our results from noncoding DNA with results from these
new data. We successfully sequenced 20 alleles or more
for ~90% of the sites (table 1). We also sequenced the or-
thologous genes in a M. famulus individual, which we used
together with the rat as an outgroup to estimate diver-
gence, constraint, « and @,.

Summary Statistics
Nucleotide diversity, Tajima's D, divergence to M. famulus
and rat and evolutionary constraint estimates are shown in

table 2. The upstream and downstream site classes show
intermediate levels of nucleotide diversity (m = 0.56% in
both cases) and divergence to M. famulus (d = 2.49%
for upstream and 2.38% for downstream) compared with
nonsynonymous sites (m = 0.15% and d = 0.82%) but are
closer to the synonymous site estimates (r = 0.75% and
d = 327%). Divergence to the rat is about five times higher
than divergence to M. famulus for all site classes.

In contrast to nonsynonymous sites, the upstream,
downstream, and intronic site classes do not show discern-
ible differences in the shape of their SFSs compared with
synonymoussites (fig. 1). Tajima’s D estimates, which quan-
tify the skew in the SFS, are significantly lower than zero for
all cases examined even for synonymous sites (P << 107 in
all cases examined). A negative Tajima's D indicates an ex-
cess of rare variants, which can be caused by negative se-
lection. However, population expansion, a prolonged
population bottleneck or population subdivision can also
produce a similar pattern. Different mutation rates be-
tween the compared regions could also alter the SFS.
For example, CpG dinucleotides have higher mutation rates
in mammals (Arndt et al. 2003) and their frequencies differ
between coding and noncoding DNA. However, if CpG-
prone sites are excluded, we observe little changes in
the SFS in all cases (fig. 1).

We calculate evolutionary constraint C; by comparing
inter specific divergence between the foal site class and
a putatively neutral site class. The estimate for C; is mod-
erately high for upstream and downstream site classes
(24.1% and 28.4%, respectively, table 2) and significantly
different than zero in both cases (P = 0.004 for upstream;
P = 0.002 for downstream).

DFE of New Mutations

We inferred the DFE of new mutations along with demo-
graphic parameters using a ML-based approach (Keightley
and Eyre-Walker 2007). We first tested whether a model
that incorporates demographic change plus selection
(Model 3) fits the data significantly better than a model
that assumes only demographic change (Model 1). The
likelihood ratios for this comparison were highly significant
in all cases examined (— Alogl valuesarereported in table 3;
P < 10 % in all cases, with d.f. = 2). We also examined
a model where we fitted only selection under constant
population size (Model 2). We found that the fit of Model
2 to the data was significantly poorer than Model 3 in all
cases examined (— Alogl values are reported in table 3; P <<
1077 in all cases, with df. = 2).
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Table 2. Estimates of Percentage Diversity (% 7, % 0,,) Summed over All Sites for M. m. castaneus, Tajima's D, Percentage Divergence (% d) to
Mus famulus, and the Rat and Evolutionary Constraint (C,) Calculated using Synonymous Sites as the Neutral Class.

Site Class % 77 (SE) %@, (SE)  Tajima's D (SE)  %d (M. famulus) (SE) % d (rat) (SE) % C4 (M. famulus) (SE)
Nonsynonymous  0.15 (0.02)  0.22 (0.02) —0.93 (0.17) 0.82 (0.10) 3.69 (0.40) 745 (3.3)
Synonymous 075 (0.06)  0.93 (0.06) -0.53 (0.12) 3.27 (0.21) 18.11 (0.56) —

Intron 066 (0.04)  0.83 (0.04) —0.75 (0.09) 2.90 (0.14) 1561 (0.42) 121 (7.2)
Upstream 056 (0.05)  0.71 (0.06) —0.78 (0.14) 2.49 (0.21) 1220 (0.65) 241 (7.1)
Downstream 056 (0.06)  0.69 (0.06) —0.59 (0.16) 2.38 (0.21) 11.78 (0.78) 284 (7.7)

Using the inferred parameters of the DFE (see supple-
mentary tables 53 and 54, Supplementary Material online,
for estimates of the demographic parameters, the mean se-
lective effect (Nes), and the shape parameter of the fitted
gamma distribution), we can estimate the proportion of
mutations falling into each of four categories of selective
effects (Ngs): 0-1, 1-10, 10-100, and =100 (table 4). For
upstream and downstream sites, most new mutations fall
into the effectively neutral category (N.s, 0-1) (69.8% and
67.5%, respectively), which is in sharp contrast and signif-
icantly different (P << 0.05 for both upstream and down-
stream in all comparisons) from the estimate for
nonsynonymous sites (15.4%). Although most new muta-
tions in upstream and downstream sequences are effec-
tively neutral, there is a substantial fraction (21.7% and
19.6%, respectively, not significantly different from zero)
of strongly selected mutations (Nes = 10) in these regions.

We also calculate evolutionary constraint Cp, a statistic
that summarizes the DFE, and is the average probability of
a new deleterious mutation to be lost. %C, is moderately
high for upstream (30.7%) and downstream (33.9%) site
classes and is significantly different from zero only for
the downstream site class (P << 0.05).

Adaptive Evolution

We then estimated the fraction of substitutions driven to
fixation by positive selection () using an extension of the
MK test (Eyre-Walker and Keightley 2009). This method

uses neutral divergence between M. m. castaneus and an
outgroup (either M. famulus or rat) along with the DFE
inferred from polymorphism data of M. m. castaneus to in-
fer the expected divergence between M. m. castaneus and
the outgroup. The difference between the observed and the
expected divergence estimates the adaptive divergence be-
tween M. m. castaneus and the outgroup. « is then calcu-
lated by scaling the adaptive divergence by the observed
divergence (see detailed description in the Materials and
Methods). Estimates of o for the nonsynonymous, up-
stream, and downstream site dasses for M. m. castaneus
are presented in table 5. We report moderately low esti-
mates of o for upstream and downstream site dasses
(11.8% and 9.3%, respectively), which are not significantly
different from zero when using M. famulus as the outgroup
and synonymous sites as the neutral reference. By combin-
ing upstream and downstream sequences, we obtain a sim-
ilar point estimate for o (9.3%) and a narrower confidence
interval (—15.4/36.3), which includes zero but excludes
high estimates of o and is not significantly different from
the estimate for nonsynonymous sites (P = 0.078). The
point estimates are very similar when using the rat as
the outgroup or intronic sites are used as the neutral ref-
erence, but the confidence intervals are narrower for the
latter case because more data are included. The estimate
for o for combined upstream and downstream sequences is
significantly different from nonsynonymous sites when us-
ing intronic sites as the neutral reference (P = 0.014 when
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Fic. 1 Plots of the SFSs for nonsynonymous, upstream, downstream, intron, and synonymous site classes for all sites and for non-CpG-prone
sites only. Numbers of polymorphic sites are given in parentheses and refer to the “All Sites” plot
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Table 3. Likelihood-Ratio Tests Contrasting Models Fitted to the
SFS Data when Estimating the DFE. Models Fitting Only
Demography (M1) or Only Selection (M2) Are Contrasted with
a Model That Fits Both Demography and Selection (M3) w the
Data.

Site Class —2Alogl

Neutral Selected M1 versus M3 M2 versus M3
MNonsynonymous 3124 47.2

Synonymous  Upstream 124 50.5
Downstream 132 43.7
Nonsynonymous 412.6 1203

Intron Upstream 10.6 116.8
Downstream 121 126.0

Note—M1, demography, no selection; M2, no demography, selection; M3,
demography and selection

using M. famulus as the outgroup and P = 0.018 when us-
ing the rat as the outgroup).

The different estimates of x between nonsynonymous,
upstream, and downstream site classes might be due to
differences in the rate of slightly deleterious rather than
adaptive substitution (Gossmann et al 2010). In order
to account for any differences in the slightly deleterious
substitution rate between the selected site dasses, we com-
puted the ratio of adaptive divergence to neutral diver-
gence (,). The resulting c, estimates are very similar
and not significantly different for the nonsynonymous, up-
stream, and downstream site classes (11.9%, 9%, 6.6%, re-
spectively, table 5). These results indicate that the lower
estimates of & in the upstream and downstream site classes
compared with nonsynonymous sites could be due to
a higher proportion of the upstream and downstream sites
evolving close to neutrally rather than a lower absolute rate
of adaptive substitution. The confidence intervals for @, are
very wide when examining upstream and downstream site
classes individually but narrow down when we combine
data from upstream and downstream site classes (the upper
boundary for @, is never higher than 30.6%). Similarly, with
estimates for «, when using intronic sites as the neutral ref-
erence and the rat as the outgroup, we get narrower con-
fidence intervals because more data are included.

Finally, we use a simple frequently used approach to es-
timate « (Fay et al. 2001) in order to be able to make com-
parisons with studies that have not employed the Eyre-
Walker and Keightley (2009) methodology. We control

for slightly deleterious mutations by excluding low-
frequency polymorphisms (<<10%) as suggested by (Fay
et al. 2001). By using this method, we obtained zero or neg-
ative estimates of « for upstream and downstream site clas-
ses (supplementary table 55, Supplementary Material
online) that roughly agree with the estimates we obtained
using the Eyre-Walker and Keightley (2009) methodology.

Discussion

In this study, we present results suggesting that sites up-
stream and downstream of protein-coding regions in
M. m. castaneus are, on average, under weak positive
and negative selection. Several lines of evidence support
this conclusion. Nucleotide diversity in M. m. castaneus
and divergence to M. famulus or ratin upstream and down-
stream regions are much higher than for nonsynonymous
sites and slightly but significantly lower than synonymous
sites. Evolutionary constraint is also significantly lower in
upstream and downstream regions than for nonsynony-
mous sites. Tajima's D estimates are not significantly differ-
ent between site classes, except for the synonymous and
nonsynonymous sites comparison, which suggests either
that all site classes investigated are under negative selection
or that a population expansion or bottleneck has occurred
in the past in M. m. castaneus. Indeed, if we fit a simple
demographic model of a step change in population size,
we find evidence for population expansion of M. m.
castaneus, which might explain the negative Tajima’s D
at synonymous sites. A population expansion might also
explain the negative Tajima's D in upstream and down-
stream regions. However, a model of a demographic change
plus negative selection fits the data significantly better than
a model of demographic change with no selection or
a model with selection only in all cases examined. There-
fore, we obtained statistically significant evidence for both
a population expansion in M. m. castaneus in the past and
negative selection acting on upstream and downstream re-
gions. The DFE inferred for upstream and downstream re-
gions implies that most new mutations have N_s values in
range of 0-1, but a small fraction is strongly negatively se-
lected. At nonsynonymous sites the pattern is reversed be-
cause most new mutations are strongly deleterious. This
result further supports the conclusion that upstream
and downstream regions are, on average, under weak se-
lective constraint compared with nonsynonymous sites.

Table 4. Estimates of Percentages of Mutations in Four NS Ranges and Evolutionary Constraint Estimated from Polymorphism (C,).

Site Class Percentage of Mutations in Ns Range [95% CI]

Neutral Selected 01 1-10 10-100 =100 % CP [95% CI]
Nonsynonymous 15.4 [9/23.3] 11.4 [3.1/18.6) 195 [3.6/42.1)  53.7 [276/71.8]  B4.7 [75.9/90.8]
Upstream 69.8 [48.1/100] 8.5 [0/39.0] 9.4 [0/203] 12.3 [0/29.4] 30.7 [0/53.3]
Downstream 67.5 [29.1/100] 13.0 [0/69.2] 13.6 [0/23.6] 6.0 [0/28.0] 33.9 [7.9/64]

Synonymous Upstream + Downstream 70.7 [52.6/922] 8.6 [59/31.8] 9.5 [0/17.7] 11.2 [0/27.4] 30.0 [10.4/48.9]
Nonsynonymous 150 [7.8/243] 13.1 [4.4/20.4] 24.1 [5.3/47.5] 47.8 [21.8/67.9] 83.0 [73.7/89.6]
Upstream 77.6 [56.6/100] 9.3 [0/35.2] 9.2 [0/15.7] 3.8 [0/15.3] 222 [0/41.3]
Downstream 75.9 [50.8/100] 9.2 [0/30.2] 95 [0/19.7] 5.4 [0/19.9] 339 [7.9/64.0]

Intron Upstream + Downstream 77.1 [63.3/100] 9.3 [0/21.3] 93 [0/145] 4.3 [0/15.8] 23.1 [0/35.9]
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Table 5. The Fraction of Substitutions Driven to Fixation by Positive Selection (%) and the Ratio of Adaptive to Neutral Divergence ()

Estimated Using Mus famulus and the Rat as Outgroups.

Site Class % o [95% Cl] Qutgroup % w,, [95% Cl] Outgroup
Neutral Selected M. famulus Rat M. famulus Rat
Monsynonymous 46.6 [18.0/67.6) 43,5 [13.9/64.2] 11.9 [4.4/183] 9.1 [29/13.7]
Upstream 11.8 [—19.5/43.8] 93 [—7.2/539] 9.0 [—13.7/35.5] 6.6 [—4.8/37.7]
Synonymous Down stream 9.3 [—28.0/64.3] 10.5 [—19.8/54.7] 6.6 [—19.5/48.4] 7.0 [—13/36.2]
Upstream + Downstream 9.3 [—15.4/36.3] 67 [—10.7/35.5] 5.2 [—19.7/30.6) 46 [—7.1/236]
Nonsynonymous 540 [25.5/74.7) 45.4 [13.7/67.4) 15.3 [6.8/22.6] 10.6 [3.5/163)
Intron Upstream 12.6 [—8.3/42.1] 9,3 [—8.3/40.1] 10.8 [—6.7/37.1] 7.3 [—6.2/319)]
Downstream 9.6 [—16.5/38.8] 53 [=207/25) 7.8 [=13.3/32.1) 41 [=17.1/18.8]

Upstream + Downstream 125 [—-2.3/275]

4.6 [—10.9/17.6] 5.1 [—13.1/22.4) 3.5 [—8.3/138]

Our low point estimates of a for upstream and down-
stream regions are suggestive of weak positive selection op-
erating in these regions compared with nonsynonymous
sites. Although the confidence intervals for the estimates
are very wide when we examine upstream and downstream
regions individually, the confidence intervals for combined
upstream and downstream regions excdude rates of adap-
tive substitution higher than ~36% on upstream and
downstream regions of M. m. castaneus.

In sequencing diploid outbred individuals, regions be-
tween heterozygous indels can be problematical for SNP
calling. Our data set contains <<10% of such regions. If such
regions are excluded, we obtain almost identical estimates
for constraint, the parameters of the DFE and = (results not
shown). Another consideration about our data set is that
because the EGP sample is not random (Livingston et al
2004), we might have exduded genes that have high rates
of adaptive evolution in upstream and downstream re-
gions. For example, promoter regions of many neural
and nutrition-related genes in humans have been found
to be subject to positive selection (Haygood et al 2007).
However, a comparison of estimates of x for regions
~500 bp upstream and downstream of the start and stop
codon of protein-coding genes in humans, obtained with
the methodology employed in the present study and using
the EGP and PGA (Program for Genomic Applications; Akey
et al 2004) data sets, showed nonsignifiant differences be-
tween data sets (Eyre-Walker and Keightley 2009). Addition-
ally, a comparison of estimates of o, obtained with the
methodology employed in the present study and using
the EGP, PGA, and Boyko et al (2008) data sets, has shown
non significant differences between data sets for nonsynon-
ymous sites in humans (Halligan et al 2010).

It has been suggested that regulatory noncoding regions
might be more important for evolution than protein-
cading genes in primates (King and Wilson 1975). However,
studies that have used a simple extension of the MK test
(Keightley et al 2005) and the methodology employed in this
study (Eyre-Walker and Keightley 2009) have estimated that
ot in upstream and downstream regions in humans is close to
zero. Humans might have low rates of adaptive substitution
in upstream and downstream regions because of their his-
torically low N.. However, in the current study, we also ob-
tain low estimates for o for upstream and downstream
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regions in M. m. castaneus, a mammalian species with
a N, much larger than humans (Halligan et al 2010).
The low estimate of & in upstream and downstream regions
in M. m. castaneus may be due to the sparse distribution of
regulatory elements in the mammalian genome. Therefore,
the upstream and downstream sequences we have focused
on could indude a substantial amount of neutral sequence
along with some functionally relevant elements.

In order to control for differences between site classes in
the contribution of slightly deleterious mutations to the
observed divergence, we calculated the ratio of adaptive
to neutral divergence (), and we obtained similar esti-
mates for nonsynonymous, upstream, and downstream site
classes (—~5-10%). Therefore, upstream and downstream
regions of protein-coding genes in M. m. castaneus appear
to have a similar absolute rate of adaptive substitution with
nonsynonymous sites. This finding implies that the differ-
encein the estimate of « observed at nonsynonymous sites
between humans (—0-20%) and M. m. castaneus (—50%)
might also be due to differences in the relative proportion
of slightly deleterious mutations between the two species.

Finally, if noncoding regulatory elements are distributed
over many thousands of base pairs in the mammalian ge-
nome, then the net input of adaptive substitutions to reg-
ulatory regions of mammals could be higher than protein-
coding genes. Eyre-Walker and Keightley's (2009) study in
humans and our study in M. m. castaneus only examined
~500 bp upstream and downstream of the start and stop
codon, respectively, of a limited collection of protein-cod-
ing genes. We suggest that genome-wide studies of puta-
tive regulatory noncoding regions are needed in M. m.
castaneus and humans so that the role of regulatory regions
to adaptation can be more confidently ascertained.

Supplementary Material

Supplementary figures 51 and 52 and supplementary tables
51-55 are available at Molecular Biology and Evolution
online (http://www.mbe.oxfordjournals.org/).
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INVESTIGATION

A Comparison of Models to Infer the Distribution
of Fitness Effects of New Mutations

Athanasios Kousathanas' and Peter D. Keightley
Institute of Evolutionary Biology, School of Biological Sciences, University of Edinburgh, Edinburgh EH9 3JT, United Kingdom

ABSTRACT Knowing the distribution of fitness effects (DFE) of new mutations is important for several topics in evolutionary genetics.
Existing computational methods with which to infer the DFE based on DNA polymorphism data have frequently assumed that the DFE
can be approximated by a unimodal distribution, such as a lognormal or a gamma distribution. However, if the true DFE departs
substantially from the assumed distribution (e.g., if the DFE is multimodal), this could lead to misleading inferences about its properties.
We conducted simulations to test the performance of parametric and nonparametric discretized distribution models to infer the
properties of the DFE for cases in which the true DFE is unimodal, bimodal, or multimodal. We found that lognormal and gamma
distribution models can perform poorly in recovering the properties of the distribution if the true DFE is bimodal or multimodal,
whereas discretized distribution models perform better. If there is a sufficient amount of data, the discretized models can detect
a multimodal DFE and can accurately infer the mean effect and the average fixation probability of a new deleterious mutation. We
fitted several models for the DFE of amino acid-changing mutations using whole-genome polymorphism data from Drosophila
melanogaster and the house mouse subspecies Mus musculus castaneus. A lognormal DFE best explains the data for D. melanogaster,
whereas we find evidence for a bimodal DFE in M. m. castaneus.

EW mutations generate genetic variation in the genome

of every species. For example, it has been estimated that
a newbom human has ~70 new mutations that originated in
its parents’ germlines (Keightley 2012). The fitness effects of
new mutations can range from deleterious to neutral and to
advantageous, and the relative frequencies of their effects is
known as the distibution of fitness effects (DFE) of new
mutations. Inferring the properties of the DFE is a long-
standing goal of evolutionary genetics and is key to several
important questions, including the evolution of sex and re-
combination, the prevalence of Muller's ratchet, and the
constancy of the molecular clock (Charlesworth 1996;
Eyre-Walker and Keightley 2007).

A number of methodologies have been developed to infer
the DFE based on DNA sequence data (Sawyer et al. 2003;
Nielsen and Yang 2003; Piganeau and Eyre-Walker 2003;
Loewe et al. 2006; Eyre-Walker et al. 2006; Keightley and
Eyre-Walker 2007; Boyko et al. 2008; Schneider et al. 2011;
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Wilson et al. 2011). All of these assume that there is a neu-
trally evolving class of sites and contrast patterns of poly-
morphism and/or divergence from an outgroup with that
of a tightly linked focal site class. Selection affecting the
focal sites is expected to alter the pattern of polymorphism
compared to that of the neutral class. A distribution of
selection coefficients is then fitted to the data and its prop-
erties inferred. The three most widely used methods are
those developed by Eyre-Walker et al. (2006), Keightley
and Eyre-Walker (2007), and Boyko et al. (2008). Keight-
ley and Eyre-Walker (2007) use a Wright-Fisher transition-
matrix approach (Ewens 1979), whereas Eyre-Walker et al.
(2006) and Boyko et al. (2008) use a diffusion approxi-
mation (Sawyer and Hartl 1992; Williamson et al. 2005).
All three methods have been reported to give similar
results, but make slightly different assumptions. For
example, they differ in the way in which they model de-
mographic changes (e.g., population size changes). Eyre-
Walker et al. (2006) use a heuristic approach, whereas
the other two explicitly model some simple demographic
scenarios. It is necessary to model demographic change,
because this is known to alter patterns of polymorphism
in ways that can resemble selection. Because these meth-
ods use allele-frequency information (summarized as the
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site-frequency specrum or SFS), they are expected to be sen-
sitive to demographic change.

Several studies have employed the above methods to
infer properties of the DFE of amino acid-changing muta-
tions. In these analyses, a gamma distribution of fitness
effects has often been assumed, since it is a flexible
distribution with two parameters, the shape (b) and the
scale (a). For example, for amino acid-changing mutations
in Drosophila melanogaster, the shape parameter has been
estimated to be ~0.4 (implying a leptokurtic distribution),
and most (>90%) new mutations are inferred to be mod-
erately to strongly deleterious, with effective strength of
selection N = 10 (Keightley and Eyre Walker 2007; Eyre-
Walker and Keightley 2009). In humans, the DFE appears to
be more even more leptokurtic than in Drosophila (ie., the
estimated shape parameter is ~0.2), and only ~60% of
mutations appear to be moderately to strongly deleterious
(Eyre-Walker et al. 2006; Keightley and Eyre-Walker 2007;
Boyko et al. 2008; Eyre-Walker and Keightley 2009). Differ-
ences between Drosophila and humans in the properties of
the DFE have been attributed to a difference in their effec-
tive population size (N.), the former being at least 2 orders
of magnitude larger (Eyre-Walker et al. 2002). An effect
attributable to N, has also been observed in several other
species. For example, N, in wild house mice is substantially
larger than humans but smaller than Drosophila, and ~70—
80% of amino acid mutations are estimated to be moderately
to strongly deleterious (Halligan et al 2010; Kousathanas
et al 2011). Capsella grandiflora and Aribidopsis thaliana
are two plant species with large and small N;, respectively,
and ~86% and ~66% of amino acid mutations are estimated
to be moderately to strongly deleterious, respectively (Foxe
et al 2008; Slotte et al 2010).

Most of the above methods assume that the DFE can be
approximated by a certain type of mathemadcal distribu-
tion, such as the gamma distribution. One would like,
however, to have a more general approach to obtain
information about the DFE without needing to assume an
explicit distribution. Steps in this direction were taken by
Keightley and Eyre-Walker (2010), who examined a model
of multiple discrete selection coefficients rather than assum-
ing a continuous distribution. However, Keightley and Eyre-
Walker (2010) did not examine the performance of their
models when the true distribution deviated from a gamma
distribution. Boyko et al. (2008) also fitred several types of
distributions and combinations of continuous distributions
and discrete fixed effects when inferring the DFE for amino
acid-changing mutations in humans. Wilson et al. (2011)
recently developed a new method that assumes a series of
discrete fixed selection coefficients, the density associated
with each selection coefficient estimated as a parameter.
However, due to the complexity of the model, Wilson et al.
(2011) needed to assume constant population size.

Although several different types of parametric and non-
parametric DFE models have been fitted to DNA poly-
morphism data, to our knowledge their performance in
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cases where the true DFE is bimodal or multimodal has not
previously been investigated. In this study, we use simu-
lations to examine cases in which the true DFE is unimodal,
bimodal, or multimodal. We analyze simulated data assum-
ing six models for the DFE. The first two are parametric
unimodal distributions: the lognormal and the gamma
distribution. The third model is a parametric distribution
that can be bimodal: the beta distribution. The fourth model
is a discrete point mass distribution of selection coefficients
where the locations and the probability densities of each
point mass (or “spikes™) are estimated parameters. We refer
to this model as the spikes model, which is similar to the
discretized model used by Keightley and EyreWalker (2010).
The fifth model (“steps” model’) consists of multiple contin-
uous, uniform distributions (or steps), the boundaries and
probability densities of which are estimated parameters. The
sixth model is a variant of the model used by Wilson at al.
(2011) and assumes six fixed selection coefficients where only
their probability densities are esimated parameters. We refer
to this model as the “fixed six-spikes” model. We use simula-
tions to test the performance of the six models assuming var-
ious scenarios for the complexity of the true DFE. We go on to
fit the six models to protein polymorphism data sets from
D. melanogaster and Mus musculus castaneus, each containing
sequences of several thousand protein-coding genes.

Materials and Methods
Population genetic model and assumptions

In this study, we extend the methods developed by Keightdey
and Eyre-Walker (2007) to infer the DFE of new mutations
based on the allele frequency distribution of polymorphic
nucleotide sites among individuals sampled from a popula-
tion. This approach is based on Wright-Fisher population
genetics theory and makes a number of assumptions. We
assume that sites are unlinked and have the same mutation
rate and that polymorphic sites are biallelic. We assume that
there are two classes of sites in the genome, one “neutral”
and one “selected.” The fates of new mutations in the neu-
tral class are affected only by genetic drift. New mutations at
selected sites are assumed to be unconditionally deleterious
and to have additive effects on fitness. We define the selec-
tion coefficient s as the fitness reduction experienced by the
homozygote for the mutant allele compared to the homozy-
gote for the wild-type allele. Therefore, the fimesses of
the wild-type, heterozygote, and mutant homozygote are
1,1 — s/2 and 1 — s, respectively.

Description of the modeled distributions
of selection coefficients

New mutations affecting the selected class of sites are
sampled from a probability distribution. We investigated
six models for this probability distribution: the first is a
lognormal distribution, which has two parameters: the
mean or location (u) and the standard deviation or scale
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(). The second is a gamma distribution, which has two
parameters: the shape (b) and the scale (a). The third model
is the beta distribution, which has two shape parameters (k,,
k). The fourth model (spikes model) assumes m mutational
effects classes (spikes), which are modeled as point masses.
For each mutational effect class i (i = 1...m), the location s;
and the probability density (p;) are estimated parameters,
for a total of 2m — 1 parameters. The fifth model (steps
model) assumes m mutational effects classes, and each class
i (i = 1..m) is modeled as a uniform distribution where
the minimum and maximum values (N_s; , and N_s;, respec-
tively) and the probability density (p;) are esimated param-
eters. The minimum value of the first step is fixed to zero.
We assume that the start of each step is the end of the pre-
vious, that is, for step i, N.s; = N_s;_;, ensuring that there
are no overlapping steps. The total number of parameters to
be estimated is m for the minimum and maximum values
values of the steps plus m — 1 for the probability density of
each step, giving a total of 2m — 1 parameters. The sixth
model (fixed six-spikes) assumes six mutational effects classes
(spikes), modeled as point masses arbitrarily fixed at Ns, = 0,
Nasa = 1, Nass = 5, Nasy = 10, Noss = 50, Nasg = Ne.. The
probability densities of the fixed point masses are estimated
parameters, for a total of five parameters.

Demographic model

Following Keightley and Eyre-Walker (2007), we also incor-
porate a simple demographic model of a step change from
population size N, to population size N> at some time ¢t in the
past. N, is fixed at 100, the parameter t is estimated relative
to Na, and the parameter N; is estimated relative to Ny (Le.,
the magnitude of the size change is estimated). There may
be little information with which to estimate the relative
values of Ny and N, so we also compute a weighted recent
effective population size N,

Nywy + Nawy

N,
w wy +wo

1)

where w; =Ny(1—1/2N3)" and wy = Na(1—e */(2N))
(Eyre-Walker and Keightley (2009)). We also incorporate
a parameter f, which is the proportion of unmutated sites.
Under selective neutrality and stationary equilibrium, 1 — f;
is proportional to the product of the mutation rate and the
persistence time of a new mutation.

Generation of the expected allele-frequency vector and
computation of likelihood

We assume that at some point in the past, a population of
size N, was at mutation-selection—drift equilibdium. This
population then experienced a size change (either expansion
or contraction) to size N, t generations from the present.
Throughout this period, new mutations arise, which are
neutral for the neutral class of sites and deleterious with
selection coefficients s sampled from a probability distribu-
tion f(s) for the selected class. Following Keightley and
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Eyre-Walker (2007), we employ Wright-Fisher transition
matrix methods to generate the expected allele frequency
distribution at the present time for a set of parameter values
fo. t, No, and a given s value, and we store it in vector v(s).
The lognormal, gamma, spike, and step distributions can
potentially have substantial parts of their density at s > 1.
We modeled the contribution of mutations fors > 1 assum-
ing that their frequency in the population goes down in pro-
portion to the expectation at mutation-selection balance,
following Keightley and Eyre-Walker (2007). The expected
mean allele-frequency distribution z is obmined by integrat-
ing over the distribution of selection coefficients for all ele-
ments of v(s),

- ]; “v(s) £(510) ds, @

where @ represents the parameters of the distribution of
selection coefficients (eg., a and b for the gamma
distribution).

The numbers of derived alleles in a sample of ny alleles
constitute the SFSs and are stored in vectors q(N) and q(S)
for the selected and neutral sites, respectively. Numbers of
alleles are binomial draws from a diploid population of size
Na. Since we do not distinguish between the derived and
ancestral states, we use only folded SFSs. We fold the SFS
and the allele-frequency vector z as follows:

for 0=i<nr/2 (3)
for 1=i=2N,/2 4)

9i = qi + Gnp—is
Zj = % + ZaN—i,

Under the assumption that numbers of derived alleles are
binomially distributed, we compute the log likelihood of the
observed allele frequency distributions (ie., SFSs) for neu-
tral and selected sites as

logL = MZI:'IJ‘OS( iZJ(b{flﬂr-J}"Z’Nz}‘ +binr T'Iﬂr-J}"Z’Nz}‘I') (5)
i=0 =0

(Keightley and Eyre-Walker 2007), where b{i|n, p) is the

binomial probability for i derived alleles in a sample of n

alleles with probability of occurrence p. We find the set of

the parameter values that best fits the observed SFSs by

maximizing the sum of the log likelihoods calculated for

the neutral and selected classes of sites.
Likelihood maximization

The parameters to be estimated are f,, No, t, plus additdonal
parameters, depending on the selection model implemented
(Table 1). Maximization of the likelihood was done using
a custom likelihood search algorithm for N,, and the SIMPLEX
algorithm (Nelder and Mead 1965) for the remaining
parameters. To increase the speed of the maximization pro-
cedure, we first estimated the demographic parameters Na
and t and the parameter f;; from the neutral SFS. We as-
sumed the maximum likelihood (ML) estimates of No and
t when estimating the parameters from the selected SFS.

Estimating the Distibution of Fitness Effects 1199
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Table 1 The selection models investigated in this study

DFE Model No. Parameters Parameters
Loegnormal 2 i, o (location, scale)
Gamma 2 a, b (scale, shape)
Beta 2 ky, k2 (shape 1, shape 2)
Spike 2m - 1 Forii=1...m), Nus;
Forifi=1...m— 1), p
Step 2m =1 Fori{i=1...m) N5
Forifi=1..m— 1), p
Six-fixed spikes 5 Forif{i=1..5) pi

We generated starting values for the location parameters
of the spikes and the steps by using a power series,

for spike or step i(i=1...m), N.s; =NV (6)
where N. = N,, as calculated by Equation 1 and r is a pseu-
dorandom deviate from a normal distribution with a mean
0 and standard deviation 0.1. This power series was devised
empirically and has several desirable properties: the term
N.“™ places the spikes or steps at a reasonable distance from
each other; the last spike or step is placed at N, therefore
avoiding generating extremely large Nes values; the pseudo-
random normal deviate r adds noise in the placement of the
spikes/steps.

The starting values for the relative probability densities of
the steps were set to 1/m. As the number of parameters
increases, the possibility of multiple local maxima also
increases. To ensure that the global maximum had been
found, we performed 10 starts of the maximization algo-
rithm for each run, each time using a different seed for
the pseudorandom number generator. We recorded the ML
estimates that gave the highest likelihood in these runs.

Implementation of the model

Our simulations used a forward Wright-Fisher simulator to
generate SFSs and we then used ML to fit demographic and
selection models and estimate the parameters. This was
implemented in a recoded version of the C program DFE-
alpha (Eyre-Walker and Keightley 2009). This version
implements all of the models we describe, can be used to
analyze SFS data sets in a similar way to DFE-alpha, and will
be made available via the authors’ website.

Simulations assuming a constant population size

We simulated SFS data sets assuming a diverse set of
distributions of selection coefficients, including unimodal,
bimodal, and multimodal distributions. We performed
simulations in which we assumed a constant population
size (N, = N> = 100). We used 10° neutral and 10° selected
sites and sampled 64 alleles. Parameter f; was setto 0.9. We
also compared simulations in which we assumed different
numbers of sequenced alleles (8, 16, 32, 64, 128, and 256),
while assuming a set number of sites (10°). For each simu-
lated data set, we performed 100 replicate simulations.

1200 A Kousathanas and P. D. Keightley
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Simulations assuming variable population size

We modeled population size changes as step changes from
an initial population of size Ny = 100 at stationary equilib-
rium. Time is expressed in units of N;. We simulated two
demographic histories: a population expansion and a bottle-
neck. The simulated expansion was a step change to size N,
(No/N; = 3.1), at time t2/N; = 1. The simulated bottleneck
was a reduction in population size N,/N; = 0.72 at time t,/
N, = 1.1 and a subsequent expansion with a step change in
size N3/N; = 3.8 at time t3/N, = 0.11. The parameters for
the two simulated demographic scenarios were chosen to
match the inferred histories of real populations. The simu-
lated expansion matches that inferred for a population of
wild mice (Halligan et al. 2010) and for the American pop-
ulation of humans with African ancestry (Boyko et al. 2008).
The bottleneck scenario matches that inferred for the Amer-
ican population of humans with European ancestry (Boyko
et al. 2008). For these simulations we assumed a gamma
DFE with a = 0.05 and b = 0.5. For each simulated data
set we used 10° neutral and 10° selected sites, sampled 64
alleles, and performed 20 replicate simulations.

Simulations with linkage

We used C++ program SLiM, developed by Philip Messer
and available at http://wwwstanford.edu/~messer/software.
html to perform simulations with linkage (Messer 2013).
We simulated 1-Mbp-long chromosomes. Each chromo-
some had 20 lod. Each locus consisted of 10 exons of
length 100 bp each alternating with 1-kbp introns. The loci
were at a distance of 40 kbp from each other. We used
exonic sites and the first 100 bp of introns as selected
and neutral sites respectively. We simulated a population
of size N = 100 for 10N generations to reach stationary
equilibrium and sampled 64 chromosomes every 2N gen-
erations for 100N generations to obtain polymorphism data
for a total of 106 selected and 10° neutral sites. We as-
sumed a mutation rate 4N u = 1% and simulated various
levels of linkage between sites by assuming recombination
rates (4N.r) varying between 10 % and 1. We performed
three types of simulations, varying the properties of the
DFE for selected sites: First, we assumed a gamma DFE
(a = 0.05, b = 0.5), second we assumed that 97% of sites
were under negative selection (gamma DFE; a = 0.05,b =
0.5) and 3% were under positive selection (single spike
DFE; N.s; = 10), and third we assumed a bimodal DFE
consisting of two spikes of selection coefficients (N.s; =
0, Nesz = 10, pl = 0.2). We performed 20 replicate runs
for each simulation type.

Evaluation of model performance

We are interested in knowing how well the mean effect
(N.s5), the mean fixation probability of a new deleterious
mutation relative to a neutral mutation (i), and the propor-
tion of mutations falling into five N_s categories (0.0-0.1,
0.1-1.0, 1.0-10.0, 10.0-100.0, =>100.0) are estimated.
N.s and @ are important quantities for several questions,
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including inferring the proportion of mutations fixed by
positive selection and the rate of adaptive relative to neu-
tral evolution (ie., @ and w,,, respectively; Eyre-Walker and
Keightley 2009; Gossmann et al. 2010). N.s was calculated
by taking the arithmetic average of the selection coeffi-
cients over the range of s between 0 and 100 (ie., the
N.s range was between 0 and 104, for N, = 100). & was
calculated by integrating over the DFE, as in Eyre-Walker
and Keightley (2009),

a_f 2 Nett (Ne,s) f (s|©) ds, @
(1]

where u (N, s), is the fixation probability of a new delete-
rious mutation (Fisher 1930; Kimura 1957, 1962).

To assess the accuracy in recovering the properties (X) of
the simulated distributions, we compared estimates (X;) vs.
true values (X,,,,.). For N.s and i1, we calculated the relative
error as

X — Xirue

rel.error (X)=
T X

(8)
We compared the goodness of fit between models by
comparing their likelihoods and by comparing Akaike in-
formation criterion (AIC) scores. The AIC score penalizes
parameter-rich models as

AIC =2k —2log(L). 9

where k is the number of parameters in the model, and L is
the maximum likelihood for the estimated model. We con-
sidered an AIC difference =2 as significant when comparing
models. For the spike/step models we increased the number
of fitted spike/steps until an improvement of <2 AIC units
was obtained.

Drosophila and house mouse data sets

We analyzed polymorphism data for protein-coding genes of
D. melanogaster and M. m. castaneus using the six
approaches described above. We also fitted a simple demo-
graphic model of a step change in population size. For D.
melanogaster, we analyzed a data set of 17 genomes from
individuals originating in East Africa (haploid Rwanda lines
from the Drosophila Population Genomics Project (DPGP;
release v. 2.0, hup://wwwdpgp.org/dpgp2/DPGP2.html;
Pool et al. 2012). The data set was compiled as in Campos
etal (2012), but we did not use a minimum quality cut-off.
It included polymorphism data for 8367 autosomal genes
orthologous between D. melanogaster and D. yakuba. For
M. m. castaneus, we used a data set of 20 genomes from
individuals sampled in northwest India (Halligan et al
2010; D.L Halligan, A. Kousathanas, R.W. Ness, H. Li, B.
Harr, L. Eory, T. M. Keane, D. J. Adams, P. D. Keighdey,
unpublished data). The data set included polymorphism
data for 18,671 autosomal genes orthologous between
M. m. castaneus and rat. CpG dinucleotides have substantially
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higher mutation rates in mammals (Arndt et al. 2003) and
their frequencies differ between coding and noncoding DNA.
Therefore for M. m. castaneus, we restricted the analysis to
non-CpG-prone sites (sites not preceded by C or followed by
G). To calculate « and w, we used the divergences at non-
synonymous and synonymous sites between D. melanogaster
and D. yakuba and between M. m. castaneus and rat, as
follows,

dy —dsit
o = T (10)
wy= M (11)
ds

where dy and ds are the nucleotide divergences between the
focal species and the outgroup at nonsynonymous and syn-
onymous sites, respectively.

Results

We simulated SFS data sets, choosing the parameters of the
simulated distributions to create three different scenarios for
their complexity (Le., unimodality, bimodality, and multimo-
dality). We also aimed at generating distributions that were
biologically plausible. We then examined the performance
of several models incorporating parametric or nonpara-
metric distributions. We considered four main criteria for
evaluating the performance of the tested models: the log-
likelihood score, the accuracy in estimating the mean effect
of a new mutation (N.s), the accuracy in estimating the
average fixation probability of a new mutation (i), and
the accuracy in estimating the proportion of mutations in
five N.s ranges. Estimates for the parameters of each of
the six tested models for each simulaton set (SIM1, SIM2,
SIM3) are shown in Supporting Information, Table S1.

A gamma distribution simulated (5IM1)

To approximate a realistic scenario for protein-coding loci,
where current information suggests a leptokurtic DFE and
most sites under strong negative selection, we simulated
a gamma DFE with scale a = 0.05 and shape b = 0.5 (SIM1;
Figure 1). As expected, the gamma model gave the best fit to
the data, accurately estimating N5 (SIM1; Table 2). The
lognormal model performed poorly, overestimating N.s
and underestimating i, while the beta model gave a good
fit (AAIC from the best-fitting model was —0.5) and accu-
rately estimated Nes and @ (SIM1; Figure 2, A and B, re-
spectively). Based on their AIC scores, the best-fitting
variable spike and variable steps models were the two-spike
and two-step models, respectively (SIM1; Table 2), and
these models fitted only slightly worse than the gamma
model. However they did not recover N.s and & as accu-
rately as the gamma (SIM1; Figure 2, A and B, respectively).
All models tested performed well in accurately recovering
the proportions of mutations in the N_s ranges we examined

Estimating the Distribution of Fitness Effects 1201
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(Figure 3). However, the lognormal and all the nonparamet-
ric models did not succeed in accurately assigning the pro-
portions of mutations in the N.s ranges 0.0-0.1 and 0.1-1.0,
presumably because there is little information to discrimi-
nate between these categories. In contrast, the gamma and
beta models performed almost perfectly in assigning the
proportions of mutations to these categories.

A bimodal beta distribution simulated (SIM2)

We then investigated a beta distribution with shape param-
eters ky = 0.2 and k, = 0.1 and scaled to the N interval
[0, 100] (SIM2; Figure 1). For this distribution, ~10% of
selected sites are under weak negative selection (N.s < 1),
another 10% are under moderately strong negative selection
(N, = 1-10), and the remaining 80% are under very strong
negative selection (Ngs = 10). Such a bimodal distribution is
intended to model proteincoding loci where amino-acid
changing mutations are either neutral or strongly deleteri-
ous, with relatively few mutations of intermediate effect. As
expected, the beta model had the best AIC score (SIM2;
Table 2), recovering N_s and & accurately (SIM2; Figure 2,
A and B, respectively). The unimodal lognormal and gamma
models fitted the data very poorly (AAIC from beta =
—597.2 for the lognormal and —89.9 for the gamma,
SIM2; Table 2). Ns was grossly overestimated by the log-
normal and gamma models (SIM2; Figure 2A). However, i
was estimated relatively accurately by these models (SIM2;
Figure 2B). The estimate for N5 can be heavily influenced
by a long tail in the fitted diswribution whereas & is mostly
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Table 2 Goodness-of-fit statistics for the models tested for each

simulation set

Simulation Model Alogl AAIC
SIMT {gamma) Lognormal 139 278
Gamma 0.02 0.0
Beta 03 0.5
Best spike (2) 1.5 49
Best step (2) 0.0 20
Sixfixed spikes 0.6 7.1
SIM2 (bimodal beta) Lognarmal 300.0 597.2
Gamma 46.4 89.9
Beta 1.4 0.0
Best spike (3) 0.0 31
Best step (2) 1.3 1.8
Sixfixed spikes 35 10.2
SIM3 (three-spike multimodal)  Lognormal 295 53.0
Gamma 6.9 78
Beta 8.2 104
Best spike (3) 0.0 0.0
Best step (3) 07 1.3
Sixfixed spikes 0.6 1.3

The statistics reported ane the mean logdikelhood and the mean AIC score
difference from the highest scoring model over 100 simulation replicates. A
sequencing effort of 64 alleles and 10% neutral and selected sites were assumed.
Only results for the best-fitting spike and step model, based on the AIC criterion, are
shown.

affected by effects in the N_s range 0-1. Therefore, the low
accuracy of N5 estimates from the lognormal and gamma
models presumably reflects a bad fit to the “strong effects”
part of the distribution (Le., Nes = 10), but there is a reason-
ably good fit to the “nearly neutral effects” part of the dis-
tributon (i.e., 0 < N, < 1). The bestfitting three-spike and
two-step models and the fixed six-spike model fitted almost
as well as the beta distribution (SIM2; Table 2). These non-
parametric models accurately estimated Nos and @ (SIM2;
Figure 2, A and B, respectively). We observed that the log-
normal, gamma, and nonparametric models assigned sub-
stantial proportions of mutations into the N_.s =100 range
(Figure 3), although the simulated distribution had a near-
zero density in this range. Presumably, there is little infor-
mation with which to precisely estimate the upper limit of
the simulated distribution.

We also examined the performance of the models when
varying the locations of the modes of a bimodal DFE. We
investigated distributions with two classes of effects (two
spike): The first class of mutations was assumed to be
neutral with N.s; = 0, and we varied the selection strength
and probability density associated with the second class
(Nes2 and ps, respectively). We then fitted the gamma and
the three-step models to these distributions and compared
their performance. In Figure 4A we show the Alogl between
the three-step and gamma models for different combina-
tions of values for Nes; and p2. We found that for two-spike
distributons, where N, = 10 and p, = 0.4, the three-step
model significantly outperformed the gamma model (Figure
4A). Additonally, we examined the performance of the
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models in estimating N5 and ii. We found that the gamma
model overestimated N_s when N.s, = 10 and underesti-
mated i for almost all parameter combinations of Nes, and
po (Figure 4, B and C, respectively), while the three-step
model overestimated N.s and underestimated & when Ngs.
= 10 (Figure 4, B and C, respectively).

A three-spike multimodal distribution simulated (5/M3)

To examine a case in which the true DFE is more complex,
we simulated a DFE comprising three selection coefficients,
N.sy = 0, Nis, = 5, Ns; = 50, with probability densities
p1 = 0.2, p2 = 0.6, p3 = 0.2, respectively (SIM3; Figure 1).
The choice of parameters was mainly based on generating
three sufficiently distinct modes. As expected, a three-spike
model gave the best fit according to the AIC criterion (SIM3;
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Table 2). The other nonparametric models firred almost
equally well (AAIC was —1.3 for both the three-step model
and the fixed six-spike model, SIM3; Table 2). However, the
lognormal, gamma and beta models gave a poorer fit than
the nonparametric models (AAIC was —53, —7.8, and
—10.4 for the lognormal, gamma, and beta models, respec-
tively, SIM3; Table 2). However, we did not observe large
differences in the accuracy of estimating N.s and @ between
the models tested (SIM3; Figure 2, A and B, respectively).
The lognormal, best spike, best step, and fixed six-spike
models slightly overestimated N.s, whereas the gamma
and beta models slightly underestimated N,.s (SIM3; Figure
2A). All models tested slightly underestimated @ (SIM3;
Figure 2B).

The effect of increasing the allele sequencing effort

The primary goal of this section was to examine whether the
general trends in the performance of the six models tested
hold for different allele sequencing efforts. We compared
the performance of the models for 8, 16, 32, 64, 128, and
256 alleles sequenced. For the gamma distribution (SIM1),
increasing the sequencing effort led to more accurate
estimates of Nos for all models (SIM1; Figure S1A). Accuracy
of estimating & improved only marginally (SIM1; Figure
S1B). For the beta distribution (SIM2), increasing the allele
sequencing effort increased the accuracy of estimating N,s
(SIM2; Figure S1A), but the accuracy of estimating u did not
increase for the spike, step, and fixed six-spike models and
surprisingly decreased for the lognormal and gamma models
(SIM2; Figure S1B). This decrease can be explained if we
consider that the overall fit of the gamma and lognormal
models improves as the number of alleles sequenced is in-
creased, but the fit of the models to the N_s range 0~1 wor-
sens (the good fit of the models to the N.s range 0-1 is crucial
for an accurate estimate of it). For the three-spike multimodal
distribution (SIM3), we observed that the parametric lognor-
mal, gamma, and beta models showed no improvement in
accuracy for estimating N5 and & when increasing the num-
ber of alleles sequenced (SIM3; Figure S1A and Figure S1B,
respectively). The spike, step, and fixed six-spikes models at
low sequencing efforts (8-32 alleles) had an inferior perfor-
mance compared to the parametric models (SIM3; Figure
S1A and Figure S1B). However, as the number of alleles
sequenced was increased to 64 or greater, the performance
of these models became superior to the parametric models
(SIM3; Figure S1A and Figure S1B).

The effect of incorporating a population size change

We then examined whether population size changes can
affect the performance of the nonparametric relative to the
parametric models by simulating two population histories:
an expansion and a bottleneck. The expansion was a three-
fold step change in population size. The bottleneck was
a long-lasting 30% reduction in population size, followed by
a short-lived fourfold step expansion. For the selected sites,
we assumed a gamma DFE with scale a = 0.05 and shape
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b = 0.5 (as for SIM1). Since our method can incorporate
a model of a step change in population size, we fitted this
model to the neutral data for both simulated histories. For
the expansion scenario, the demographic parameters of the
step change were accurately estimated and the performance
of the different selection models was similar to SIM1 (Table
52). For the bottleneck scenario, the two-epoch demo-
graphic model appeared to mostly capture the second
change in population size (Table 52). However, the non-
parametric two-spike and two-step selection models fitted
the data better than the parametric models (Table 52).
Therefore, a long-lasting bottleneck followed by rapid ex-
pansion can produce a signal in the data that is not fully
accounted for by the fitted two-step demographic scenario
and can cause the spike and step models to overfit the data
and produce spurious evidence for multimodality Other
population histories such as a bottleneck followed by long-
lasting recovery or expansion gave similar results to the two-
step expansion scenario (result not shown).

The effect of linkage and selection

In our simulations we have assumed that sites are unlinked,
but genomes of real organisms can exhibit various amounts
of linkage. We performed simulations assuming a range of
recombination rates between sites to examine how linkage
can affect the performance of the three-step model in
detecting a bimodal DFE. This performance is assessed by
a significandy better fit of the three-step model than the
gamma model.

First, we investigated whether background selection alone
could produce a spurious signature of a bimodal DFE by
simulating a gamma DFE with a = 0.05 and b = 0.5. We
observed a better fit of the three-step model than the gamma
model for high levels of linkage (Figure S1C, top). However,
when we fitted a demographic model of a step change to the
neutral sites, a procedure that has been suggested to control
for the effects of linkage (Messer and Petrov 2012), the three-
step and gamma models fitted the data equally well at all
levels of linkage (Figure S1C, bottom).

Second, we examined whether positive selection could
produce a signature of a bimodal DFE. We simulated
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a gamma DFE with a = 0.05 and b = 0.5 for negatively
selected mutations and a single spike for positively selected
mutations with selection strength Nes,=10 and probability
density p, = 0.03, which is similar to what has been
observed for protein-coding genes in D. melanogaster
(Schneider et al. 2011). We observed very similar results
to those we obtained by assuming only negative selection
(Figure 51D). Therefore fitting a demographic model to the
neutral sites is essential for controlling the effects of linkage
in producing spurious evidence of a bimodal DFE.

Third, we investigated whether linkage could affect our
power to detect a multimodal DFE with the nonparametric
steps model. We simulated a bimodal two-spike DFE with
Nesi; = 0, Nesz = 10 with probability densities p; = 0.2, p2 =
0.8, respectively. We found that strong linkage can reduce
the AlogLl between three-step and gamma models (Figure
S1E, top). The results were similar when we also fitted a
demographic model of a step change to the neutral sites
(Figure S1E, bottom). Therefore, a true bimodal DFE would
be harder to detect in genomic regions that exhibit strong
linkage.

Analysis of protein polymorphism data sets from
D. melanogaster and M. m. castaneus

To account for demographic effects on our inferences of
selection we fitted a step change in population size to
synonymous sites. The stepchange model inferred a popula-
tion expansion for both D. melanogaster and M. m. castaneus
(Table 53) and fitted very well to the data (Figure 52). We
then fitted the lognormal, gamma, beta, variable spike, vari-
able step, and fixed six-spike models to nonsynonymous
sites. For each data set, we computed AlogL, AAIC scores,
the proportions of mutations falling into four N_s ranges (0-1,
1-10, 10-100, =100), N.s, and &t (Table 3).

For D. melanogaster, we found that the best-fitting model
according to the AIC citerion was the lognormal model, the
gamma model having a slighdy worse fit (AAIC from the
lognormal was — 5.1 units; Table 3). However, the estimated
proportion of mutations in the examined N.s ranges, N.s and
i, were very similar between these two models (Table 3).
All models estimate that ~2-7% of new mutations are
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Figure 4 The performance of the gamma and threestep models when
fitted to bimodal DFEs. We simulated two-spike DFEs with one spike fixed
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We also compared the % rel. errorin estimating (B) N5 and (C) 0. Positive
and negative values of % rel. error signify overestimation and underesti-
mation of these parameters, respectively.

nearly neutral (N 0-1), a further ~4-20% are moderately
to strongly deleterious (N5 1-100), and ~80-90% are very
strongly deleterious (N >100). The beta and six-fixed
spike models gave a substantially poorer fit than the lognor-
mal model (AAIC to lognormal was —187 units; Table 3).
The main discernible difference was a ~10 times lower es-
timated Ns for the beta and fixed six-spikes models than the
lognormal model. The beta and fixed six-spike models do
not allow selection strength N> N, and their poor fit may
be a consequence of a substantial proportion of mutational
effects lying in that range.

For M. m. castaneus, the bestfitting model according
to the AIC criterion was the three-spike model (Table 3).
The estimated parameter values were Nes; = 2.3 x 1012,
N.s; = 16.4, N_s; = 1056, with probability densities p, =
0.19, pa = 0.12, p3 = 0.69, respectively (Table 53). The
fixed six-spike, two-step, and beta models fitted only slightly
worse than the three-spike model, while the lognormal and
gamma models had substantially worse fits (Table 3). The
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parameter estimates of the three-spike model together with
the good fit of the beta model support a bimodal DFE in
M. m. castaneus. The DFE is inferred to have a peak at near
neutrality (N 0-1) of density ~20%, and another peak at
very strongly deleterious to lethal effects (N.s = 100) with
density ~70% (Table 3). Intermediate effects (N.s 1-100)
are inferred to have a density of ~10% (Table 3).

The average fixation probability of a new deleterious
mutation (i) is an important quantity, since it can be used to
estimate the fraction of adaptive substitutions between two
species (Eyre-Walker and Keightley 2009). We calculated «
and w, (Equations 10 and 11) by using the estimated @ for
each model (Table 3). For D. melanogaster, we obtained
values of @ in the range 0.47-0.7 and w, 0.063-0.1 from
the different models (Table 3). For M. m. castaneus, the
lognormal and the gamma models gave slightly lower esti-
mates for @ and therefore higher estimates for « and
wg (0.30 and 0.070, respectively; Table 3) than the best-
fitting three-spike model (0.20 and 0.047, respectively;
Table 3).

Discussion

In this study, we have examined the performance of several
models incorporating parametric and nonparametric distri-
butions for inferring the properties of the DFE. Since the
true DFE is of unknown complexity and can have multiple
modes, our purpose was to examine the performance of the
different models when the true DFE was unimodal, bimodal,
or multimodal. We investigated parametric distributions,
including the unimodal lognormal and gamma distributions,
which are widely used to model the DFE, and the beta
distribution, which can also take a bimodal shape. We also
examined the performance of custom nonparametric mod-
els, including discretized distributions, where the selec-
tion coefficients are modeled as point masses, or uniform
distributions, that are either variable or fixed. Spike or step
models with two or more classes of effects performed almost
as well as the gamma model for cases in which the true DFE
was a gamma distribution. When the true DFE was a bimodal
beta distribution, we found that the lognormal and gamma
models fitted poorly and produced inaccurate estimates of
Nes, it, and the density in several Ns ranges, most notably
mutations with N_s = 100. When we simulated a more com-
plex DFE, the biases affecting estimates of Nps and i from
the lognormal and gamma models were not as pronounced.
Accuracy in estimating N.s and i seems to depend mostly on
the density of the extreme tails of the DFE, irrespectively of
its complexity. In our simulations, we frequently observed
that a particular model could have a good overall fit, but
perform relatively poorly for parts of the DFE that are crucial
for estimating N,s or i. For example, we consistently ob-
served that @ was not estimated with high accuracy if the
models fitted were different from that simulated. Presum-
ably, the SFS contains limited information about mutations
with very small selective effects in the N.s range 0-1
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Table 3 Results from the analysis of protein-coding lod in D. melanogaster and M. m. castaneus

N.s

Species Model Alogl AAIC [0-1} [1-10) [10-100) =100 Nos ] @ wy

D. melanogaster Lognormal 08 0.0 0.044 0.064 011 078 13592 0.050 062 0.082
Gamma 33 5.1 0.049 0.055 0.12 0.78 16241 0.054 0.59 0.079
Beta 942 187.0 0.064 0.025 0.043 0.87 946 0.066 0.50 0.067
Best spike (3) 0.0 45 0.063 0.00 0.10 0.84 2752 0.063 052 0.069
Best step (2) 32 7.0 0.023 0.097 0.058 0.82 2894 0.039 0.70 0.10
six-fixed spikes 723 1446 0.070 0.00 0.048 0.88 96.8 0.070 047 0.063

M. m. castaneus Lognormal 239 418 017 0.052 0.061 072 12989 0.16 0.30 0.070
Gamma 212 364 017 0.050 0.065 0.71 18401 0.16 0.29 0.069
Beta 4.4 29 0.18 0.016 0.022 078 1412 0.18 022 0.052
Best spike (3) 0.0 0.0 0.19 0.00 0.12 0.69 7554 0.19 0.20 0.047
Best step (2) 28 16 0.18 0.0098 0.10 0.71 2374 0.19 0.20 0.047
Six-fixed spikes 29 58 0.19 0.0053 0.02 0.78 1426 0.19 0.20 0.046

Log-likelihood and AIC scome differences from the highest scoring model, estimated proportion of mutations falling into four Ns ranges, estimated mean effects of a new
mutation (Nes), estimated mean probability of fixation of a new mutation (D), and estimates of & and e, are shown. Only results for the best-fitting spike and step models,

based on the AIC criterion, are shown.

implying that estimation of & strongly depends on the prop-
erties of the distribution assumed. Since @ can be used for
calculating the proportion of adaptive substitutions () and
the rate of adaptive evolution (w,), underestimation of @
would lead to overestimation of « and w, (and vice versa).
When we examined a series of bimodal DFEs in which we
varied the locations and densities of the two modes of the
DFE, we observed substantial underestimation of &t by the
gamma model for cases where one mode of the DFE was at
N = 0 with density <30% and the other mode was at
a weakly to moderately deleterious effect with density
=70%. Therefore, if the true DFE is bimodal, underestima-
tion of i by the gamma model would be expected for ge-
nomic regions in which most of the sites are under
selection, such as protein-coding genes or conserved non-
coding elements, but not for genomic regions in which
most of the sites are evolving neutrally such as UTRs and
introns.

We also applied the parametric and nonparametric
maodels to infer the DFE for amino acid-changing mutations
in D. melanogaster and the house mouse M. m. castaneus,
based on data from several thousand autosomal protein-
coding genes. In D. melanogaster, we found that the log-
normal model gave the best fit to the data, a result that is
consistent with a previous study (Loewe and Charesworth
2006). The estimate for Nos was 1360 by the bestfitting
lognormal model. This estimate is similar to estimates
obtained from a smaller data set of Shapiro et al. (2007)
analyzed by Keightley and Eyre-Walker (2007). If we as-
sume that the DFE for amino acidchanging mutations in
Drosophila is lognormal and that N, is of the order 0.7 x
10° (Halligan et al. 2010), then the mean selection coeffi-
cient of new deleterious amino-acid changing mutations
for D. melanogaster is of the order 2 x 10 3. We also esti-
mate that « and w, are 0.62 and 0.082, respectively. Re-
assuringly, the choice of the distribution to model the
DFE does not strongly affect &t and consequently a and
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w,. Regardless of the model assumed, &« > 0.47 and w, =
0.063, supporting the presence of highly effective positive
selection in D. melanogaster; as several other researchers
have inferred (Sella et al. 2009).

In M. m. castaneus, we found that a three-spike model
gave the best fit to the SFS. The beta distribution also fitted
almost as well as the three-step model, while the lognormal
and gamma models gave substantially poorer fits. These
observations suggest that the DFE for new deleterious
amino-acid changing mutatons in M. m. castaneus is bi-
modal, with 20% of the distribution’s density attributable
to weakly deleterious mutations (N 0-1) and 70% to very
strongly deleterious mutations (N,s = 100). We also
obtained estimates for & and w,, of 0.20 and 0.046, respec-
tively. We observed differences among the estimates of «
and w, between different models, the lognormal and gamma
models producing higher estimates than the best-fitting
three-spike and beta models. Underestimation of i by the
gamma and lognormal models was observed in simulations
in which the twue DFE was a bimodal beta of similar prop-
erties to the inferred DFE for M. m. castaneus. It seems likely
that fitting a lognormal or a gamma distribution to the DFE
leads to overestimation of a and w,. Halligan et al. (2010),
who fitted a gamma distribution to a small gene sample
from M. m. castaneus, obtained estimates for o larger (o =
0.37 for non-CpG-prone sites and using rat as outgroup)
than those obtained in the present study.

There are some potential caveats to our study. First, our
models do not incorporate genetic linkage in the inference
method. We investigated whether linkage and background
or/and positive selection can affect inferences from the
models tested and found that under moderate linkage,
spurious evidence for multimodality can be produced
(assessed by a better fit of spike/step models to data than
unimodal distributions). We can account for the effects of
linkage, however, by fitting a simple demographic model to
the neutral class of sites (as is also suggested by Messer and
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Petrov 2012). Second, our two-epoch demographic model is
not sufficient for more complex demographic histories, such
as bottlenecks. Assuming a more realistic population history
of a long-lasting bottleneck followed by a rapid expansion,
we found that the spike/step models can overfit the data,
producing spurious evidence for multimodality of the DFE.
Therefore, when inferring the DFE using spike/step models
it is necessary to fit a three-epoch model to data from pop-
ulations that have experienced bottlenecks. A three-epoch
model can be incorporated into the inference procedure of
our method, but due to computational limitations it was not
feasible to investigate its performance in simulations. How-
ever, a three-epoch model fitted only slightly better to the
folded synonymous SFS for D. melanogaster and M m. castaneus
than a two-epoch model (AlogL between the two-epoch and
three-epoch model was 3 and 7, respectively:; result not
shown). Therefore, we do not expect a substantial effect
of the demographic history on our inferences of selection
in these populations. Third, the fact that we infer a bimodal
DFE for M. m. castaneus does not necessarily rule out a more
complex DFE. It appears that there is limited information in
the SFS, and our simulations indicate that at best three
modes can be inferred, even for very large data sets. It is
likely that the precise shape of the DFE cannot accurately
be determined based on SFS data alone, as has been shown
for the demographic history of a population (Myers et al.
2008).

In conclusion, we have shown that nonparametric dis-
cretized models, such as the spike and step models, can
perform as well or better than parametric distributions, such
as the gamma. They produce accurate estimates of the
important parameters, notably Nes and &, and increasing the
numbers of alleles sequenced will increase their perfor-
mance. These models can also help in determining whether
the DFE has multiple modes. We note that we have exam-
ined only one particular case of each type of distribution
{unimodal, bimodal, multimodal) and we do not consider
the particular simulated examples as representatives of all
possible unimodal, bimodal, and multmodal distributions.
However, our results are relevant in showing the limitations
of fitting relatively inflexible distributions, such as the gamma
distribution to the DFE, and illustrate the advantages of using
a more general model such as the spike or step model to infer
the DFE. Fitting the spike or the step model with different
numbers of classes of mutatonal effects can be informative
about the complexity of the DFE and identfying which N
ranges we have little information on.
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