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Abstract

The progression along the speciation continuum is driven by multiple evolutionary
processes: selection, mutation, gene flow and drift. How these evolutionary forces,
along with the genetic architecture e.g. recombination, affect the genomic landscape is
a key question in evolutionary biology. The genomic landscape of divergence and
introgression describe the heterogenous distribution of divergence and introgression
along genomes, respectively. However, discerning which evolutionary processes
shaped the evolution of a particular biological system is challenging. This is due to the
fact that 1) different strengths of the same evolutionary process can generate different
progressions along the speciation continuum, and ii) through interaction between
evolutionary processes, different evolutionary processes can produce that same pattern
in the genomic landscape. Nevertheless, examining patterns in the genomic landscape
can provide insights into the evolution of a particular biological system. In this thesis,
I further develop an individual-based model to simulate the genomic landscape of
divergence and introgression. In Chapter 2 and 3, I show the impact of additional layers
of complexity on the genomic landscape of divergence. In Chapter 2, I explore the effect
of 1) different genotype-phenotype maps, by simulating genetic dominance and
genotype-environment interaction; ii) frequency-dependent selection; and iii) varying
the pattern of migration between populations. In Chapter 3, I model negative epistatic
interactions in the form of Dobzhansky-Muller incompatibilities, and I introduce the

simulation of multiple traits under selection. Through these developments, I emphasize
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that the genomic landscape of divergence is highly influenced by additional layers of
complexity, which must be considered when interpreting genomic patterns that emerge
between diverging lineages. Additionally, I highlight that under the same evolutionary
parameters, different genomic landscapes of divergence can form. In Chapter 4, I
develop the individual-based model to examine the genomic landscape of introgression.
Here I demonstrate the genomic landscape of introgression is highly variable, and even
under the same evolutionary conditions very different genomic landscapes of
introgression can form. Additionally, I highlight that concurrent interactions between
evolutionary processes and the genomic architecture can change the effect an
evolutionary process has on the genomic landscape. Our model provides a set of tools
for better understanding the effects of different evolutionary processes concurrently and
independently. Here, we show that the same evolutionary parameters can form different
patterns on both the genomic landscape of divergence and introgression. Thus, caution
must be taken in interpreting the genomic landscapes, as specific patterns in the
genomic landscape are not necessarily indicative of a particular set of evolutionary

conditions.
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1 o General Introduction

1.1 A brief introduction to evolutionary divergence

The origin of species was referred to by Darwin as the “mystery of mysteries” (Darwin,
1859). The speciation process can be either a relatively abrupt event or a more gradual
process (Abbott et al., 2016; Lamichhaney et al., 2018; Mavarez et al., 2006; Schwarz et
al., 2005). The gradual process is often referred to as a speciation continuum, which
depicts lineages diverging into predominantly reproductively isolated entities (Nosil,
Harmon, et al., 2009). Theoretically, multiple evolutionary processes can drive
progression along this continuum, which remains challenging to reconstruct for any
particular case, especially after speciation. Studies of divergence below the species level
can improve our understanding of the relative roles and interactions of evolutionary
processes, which can promote divergence and may lead to species formation. One
approach is to examine changes at the level of the genome for populations at different
stages of divergence, and from this infer which evolutionary processes are in play
(Ravinet et al., 2017). However, for this to be effective, we need to have a nuanced
understanding of the types of genomic signatures that could be generated under different
scenarios, a problem best suited to a modelling approach.

How the evolutionary processes: drift, selection, mutation, and gene flow each
contribute to divergence along the speciation continuum is theoretically well understood
(Yeaman et al., 2016). In essence, mutation can generate standing genetic variation, and
these evolutionary processes can influence allele frequencies between populations,

driving and hindering reproductive isolation, and in turn divergence. Divergence can be



driven by the neutral evolutionary process of genetic drift. Genetic drift is typically
gradual and may act in tandem or against selection (Coyne & Orr, 2004a). However, the
effects of drift may be significantly accelerated during a founder effect event or
population bottleneck, during which profound changes in allele frequencies can be
rapidly achieved (Coyne & Orr, 2004a). During a population bottleneck or founder event,
the population size is very small, and so as explained by neutral theory, drift becomes a
more powerful evolutionary force than natural selection, which can only overcome drift
if it is very strong. Specifically, when the product of selection and effective population
size (Nes) is less than one, the mutation is effectively neutral (Kimura, 1979). Thus, drift
can generate profound changes in deleterious alleles, even to the point of fixation. The
evolutionary process of selection influences allele frequencies, by increasing the
frequency of variants that confer a greater fitness in a given environment. Selection acts
on genetic variation from either standing variation or novel mutations (Burke, 2012).
When different variants are favoured between populations, it leads to divergence and
potentially speciation (Rundle & Nosil, 2005). Gene flow is the movement of alleles
between populations, which can hinder divergence by homogenising the populations
(Nosil, 2008). However, gene flow between species via introgressive hybridisation is
considered essential for some adaptive events (Lamichhaney et al., 2015; Mallet, 2007;
Maviarez et al., 2006). Whilst these evolutionary processes have their own effects, in
reality these processes may also act concordantly (Wolf & Ellegren, 2017). The
mechanisms of drift and selection may act antagonistically or in tandem, favouring either
different alleles or the same allele. Furthermore, the presence of gene flow homogenising
genetic differentiation, may prevent divergence between populations. However, if the
effect of drift and/or selection are stronger, then divergence will proceed. Thus, the

presence of the same evolutionary processes at different relative strengths can produce
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vastly different progressions along the speciation continuum. This is demonstrated by
using sub-species and species complexes, e.g. Heliconius butterflies, the Corvus species
complex, and silvereyes (Zosterops lateralis), as proxies for different stages along the
speciation continuum (Martin et al., 2013; Sendell-Price et al., 2020; Vijay et al., 2016).
In these comparisons between closely related species and populations, different relative
strengths of microevolutionary processes have resulted in different evolutionary
trajectories between the species and sub-species populations. For example, in Heliconius
butterflies, decreasing the rate of gene flow corresponds with an increase in colour pattern

and genic divergence (Supple et al., 2015).

1.2 Methods of reconstructing evolutionary processes

Phenotypic data can be used to provide an insight into the role of different evolutionary
processes during divergence. For systems where sufficient information on population
history is known, rate tests can be used to test the hypothesis: can the rate of phenotypic
change be explained by drift alone (Lande, 1976). Several studies have used this approach
and concluded that directional selection must be operating in addition to drift, to explain
the rate and magnitude of divergence observed (Clegg, Degnan, Moritz, et al., 2002;
Koskinen et al., 2002; Roberge et al., 2007). However, a limitation of this approach is
that it requires large amounts of information, including divergence time, effective
populations size and details of mutation rate, which are often not available in natural
systems. Another approach is to examine the occurrence of parallel evolution, whereby
populations evolve along parallel phenotypic trajectories. Typically, this suggests that
natural selection has a role in divergence, since neutral processes are unlikely to explain

recurring trends. Numerous examples in the literature have used parallel speciation as



evidence for the action of natural selection (Allender et al., 2003; Cai et al., 2019;
Johannesson, 2001; Ostevik et al., 2012).

Genomic data can also be used to provide an insight into the role of different
evolutionary processes during divergence. With the advent of next generation sequencing
and computational advances, approaches have shifted from looking at a few genes to
looking at genome wide patterns (Nosil & Feder, 2012). Several genome wide approaches
test the hypothesis: is selection present. Firstly, the approach developed by McDonald
and Kreitman (1991) compares polymorphisms with synonymous and non-synonymous
amino acid sites, where selection is indicated by a difference in the nonsynonymous to
synonymous ratios between species and within a species. Secondly, another approach for
detecting selection, is by scanning the genome for evidence of a selective sweep, whereby
an advantageous SNP tends to fixation, reducing genetic diversity at its position and in
surrounding regions due to genetic hitch-hiking (Avalos et al., 2017; Eyre-Walker, 2006;
Schiétterer, 2003). Thirdly, neutral equilibrium model-based tests predict genomic
patterns that are anticipated under neutral evolution, which can then be compared to
empirical data (Akey et al., 2004; Kern & Hahn, 2018). However, these approaches have
limitations that require attention when interpreting results. For example, these models are
susceptible to demographic effects e.g. demographic effects can mimic the effect of
genomic hitch-hiking (Schlétterer, 2003; Eyre-Walker, 2006). Typically, these methods
have prerequisites that empirical datasets cannot always satisty, for example the approach
developed by McDonald and Kreitman (1991) requires large datasets, and scanning the
genome for selective sweeps is only effective when recent strong positive selection has
occurred. Another challenge associated with genome wide approaches, rather than
candidate loci-based approaches, is that due to the effects of hitchhiking and linkage they

are only able to identify the presence and approximate location of a selected loci.



Contemporary genomic techniques have also been combined with phenotypic
data, to provide insights into the mechanisms of divergence. One approach, is to compare
the rate of divergence at neutral genetic markers with the phenotype (Barrowclough,
1983). This approach looks at the concordance between neutral loci and morphological
trait changes, to test whether the phenotypic divergence can be explained by neutral
mechanisms, and has been utilised by several studies (Clegg, Degnan, Moritz, et al., 2002;
Leinonen et al., 2008; Whitlock, 2008). In the case of a positive correlation, this indicates
neutral evolution, while negative correlation suggests the presence of selection. However,
this method has been criticised, since a combination of sampling error and relatively small
shifts between neutral genetic markers and the phenotype, can erroneously imply the
presence of selection (Pujol et al., 2008). Despite numerous well worked examples and
available methodologies, reconstructing how these evolutionary processes have acted and

interacted to produce particular divergent forms is generally challenging.

1.3 The genomic landscapes of divergence and introgression

One area of promise for understanding the evolutionary history of species (i.e. the
evolutionary processes that shape the evolution of a species), is by examining the genomic
landscape of divergence: the heterogenous profile of differentiation along the genome of
two diverging lineages (Gavrilets, 2014; Michel et al., 2010; Wolf & Ellegren, 2017).
During divergence, the genome usually does not diverge uniformly, generating regions
of'high and low divergence (relative to background levels of divergence), termed genomic
islands and valleys, respectively (Ravinet et al., 2017; Roesti et al., 2014a). Genomic
signatures of different evolutionary processes may be observed in the topography of the

genomic landscape of divergence. Therefore, by examining the genomic landscape of



divergence, it may be possible to infer the roles that different evolutionary processes
played in divergence (Ravinet et al., 2017). However, a major challenge is that different
processes and combinations of processes can produce similar genomic signatures
(Quilodran, Ruegg, et al., 2020a). For example, fluctuating selection with quasi-neutrality
generates a nearly identical site-frequency spectrum to neutrality i.e. genetic drift (Tier,
1982; Ye et al., 2023). Therefore, a more nuanced understanding of the relationship
between different evolutionary processes and their associated genomic signatures is
integral for using the genomic landscape as a diagnostic tool for understanding genomic
divergence.

Another tool in understanding the evolutionary history of a species is by
examining the genomic landscape of introgression. Many species hybridise with close
relatives, with estimates of at least 10% of mammals and 25% of plants (Mallet, 2005).
Hybridisation is a key factor in the progression along the speciation continuum, with
highly variable effects ranging from species fusion to differentiation (Seehausen, 2004).
Introgression describes the transfer of DNA between genetically distinct lineages (i.e.
subspecies and species), as a consequence of fertile hybridisation (Quilodran, Montoya-
Burgos, et al., 2020). The genomic landscape of introgression: the topography of levels
of introgression, is also typically heterogeneous, and characterised by regions of elevated
and reduced levels of introgression, islands and valleys of introgression respectively. Like
the genomic landscape of divergence, different evolutionary processes shape the
landscape of introgression in different ways (Martin & Jiggins, 2017). The challenges of
utilising the genomic landscape of introgression to understanding the evolutionary history
of a species are similar to that of the genomic landscape of divergence: that while different
evolutionary processes have different effects on the landscape of introgression, their

effects can change through the concurrent interaction with other evolutionary processes.
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Thus, interpreting the landscape of introgression also remains challenging. Previous
approaches have had success in inferring the evolutionary of history of a species. For
example, Juric et al. (2016) were able infer the strength of selection against Neanderthal
introgression, through modelling the genomic data, while Aeschbacher et al. (2017) was
able to infer migration and the strength against migration in the Mimulus monkeyflower
(S. H. Martin & Jiggins, 2017). However, the landscape of introgression and divergence

together can provide a critical insight into the evolution of species.

1.4 Modelling the genomic landscape

Many models have been developed that are limited to simulating either a single
bi-allelic locus or a small number of loci (Charlesworth et al., 1997; Feder et al., 2012;
Feder & Nosil, 2009, 2010; Sedghifar et al., 2016). Furthermore, often a single parameter
is used for selection, providing a static view of divergence (Feder et al., 2012; Feder &
Nosil, 2009, 2010). While these approaches have achieved success in modelling
evolutionary divergence, they are often limited by a uniform distribution of loci with a
constant recombination rate (Flaxman et al., 2013). Models such as MetaPopGen have
also implements gene flow, but at the caveat of being restricted to one locus (Andrello &
Manel, 2015). Two major classes of models that have been used, and discussed below in
more detail, are the backwards in time coalescence-based models (CBMs) and forwards
in time individual based models (IBMs).

Coalescence based models have also been used to look at evolutionary
divergence. CBMs are backwards in time models, that derive genealogies of the simulated
loci, using coalescence theory, as a product of the model parameters (Hoban et al., 2012).

This approach has had success when studying neutral evolution (Lohse, 2017). CBMs



also have the advantage of being able to incorporate large amounts of data, potentially
simulating entire chromosomes of a large population in a computational efficient
framework (Haller et al., 2019; Kelleher et al., 2016). CBMs have also been developed
to include gene flow and hard selection, which influences population size as a function
of the mean population fitness (Haller & Messer, 2019). CBMs are generally less
informative for populations that are composed of few individuals experiencing selection,
or which have non-panmictic reproduction in comparison to the next class of model,
individual based models (IBMs) (Currat et al., 2015). Other limitations of CBMs, such as
modelling gene flow, exponential growth and gene-species tree discordance, exist but
have been mitigated (Eckert & Carstens, 2008; Edwards et al., 2016; Liu et al., 2009;
Stadler et al., 2015). Additionally, the efficiency of CBMs to correctly identify the species
tree despite incomplete sorting has been evaluated (Eckert & Carstens, 2008; Edwards et
al., 2016).

Individual based models (IBMs), or agent-based models, are a flexible modelling
framework that can be applied to studies of evolutionary divergence. IBMs provide
insights at the population level from the collective behaviours of individuals (DeAngelis
& Grimm, 2014; Grimm et al., 2006). They are forward-in-time models, in contrast to
backwards-in-time coalescence simulations, facilitating the study of genomic
composition change, such as the ones induced by non-panmictic reproduction or selection
(Hoban et al., 2012). The common characteristics of IBMs are that the simulated
individuals are defined by state variables e.g. physiological traits or genetic attributes,
which can change over time, and the fixed population behaviours e.g. average offspring
number and migration rates. IBMs have been successfully developed to simulate whole
populations, and a large amount of genetic information; this is owed, in part, to the

exponential increase in computational power (Currat et al., 2015; Peng & Kimmel, 2005).
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Additionally, some models have utilised a mixed forward-backward approach
incorporating individual and coalescence-based aspects into the model, utilising the
advantage of the speed of CBMs and the ability of IBMs to simulate selection (Currat et
al., 2019; Haller & Messer, 2019). Whilst dealing with a different question, Smadbeck &
Stumpf (2016) evaluated the relative performances of CBMs and IBMs for cell tracking
in lineage in tissue growth.

The glads (Genomic Landscapes of Divergence Simulations) IBM developed by
Quilodran et al. (2019), implements several major innovations for modelling genomic
landscape. First, the model includes a flexible fitness function, linking evolution, in the
form of selection, with ecology, in the form of population demographics. Furthermore, in
contrast to the hard selection found in CBMs, population size is dependent on individual
fecundity, a function of the individual’s fitness, rather than the average fitness of the
population. Second, the IBM facilitates various scenarios of gene flow and selection, on
single or multiple interacting genes. Third, the simulation can incorporate any number of

loci and polymorphisms in a large population.

1.5 Aims of thesis

With the developments in the field of modelling the evolution of the genome of species,
restrictions remain in simulating selection and different genotype-phenotype maps. Here,
I introduce additional layers of complexity to the glads model to incorporate different
types of selection, genotype-phenotype maps and more freedom for the demographic
migration parameter. These changes are incorporated with the aim of achieving a more
complete understanding of the processes and scenarios that result in particular features of

the genomic landscape of divergence. I also extend the model, with the aim of achieving



a more nuanced understanding of the genomic landscape of introgression. By utilising
these modifications together, I aim to produce a set of tools that helps us understand the
evolution of a particular biological system.

The Oceanic silvereye passerine (Zosterops lateralis) offers an excellent opportunity to
study the speciation continuum. This island-colonising species complex has repeatedly
colonised numerous islands in the region of its ancestral population on the Australian
mainland (Mees, 1969). With divergence time frames ranging from <150 years to 100,000
years, this range of divergence time frames can be used as a proxy of the speciation
continuum, illustrating incipient to late-stage divergence (Clegg, Degnan, Kikkawa, et
al., 2002). Additionally, some silvereye populations have evolved with gene flow, while
others have evolved without gene flow (Mees, 1969). The silvereyes have also shown a
repeated increase in body size on different islands, relative to the ancestral mainland
population (Clegg, Degnan, Moritz, et al., 2002; Clegg et al., 2008; Mees, 1969).
However, bill shape has been found to evolve differentially across the island populations
(Clegg & Phillimore, 2010), suggesting these two traits are evolving under parallel and
divergent selection respectively. This combination of parallel and divergent selection,
presence and absence of gene flow, and different points along the speciation continuum,
makes the silvereye an excellent empirical system for modelling these different
microevolutionary processes. Sendell-Price et al. (2020) used an individual based
modelling approach to model the accumulation of genome wide divergence in the
silvereyes, and observed under allopatry and low levels of gene flow a faster
accumulation of genome wide divergence than observed empirically in the silvereyes.
This approach highlights how these approaches can be utilised to understand the
evolutionary history of a species, and how limitations and parametrisation based on

empirical bench marking can be identified through comparison with empirical data.
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In Chapter 2, I extend the glads model to look at the effects of additional layers
of complexity on the genomic landscape of divergence. Firstly, I introduce both positive
and negative frequency-dependent selection to the model. Secondly, I introduce ways to
modify the genotype-phenotype map beyond a simple additive genotype-phenotype map,
specifically examining the effects of genetic dominance and genotype-environment
interaction on the genomic landscape. Thirdly, I modify the migration parameter to
simulate variable patterns of migration rather than a fix rate over generations. In this
chapter, the effects of each these modifications on the genomic landscape of divergence
are examined concurrently with divergent and parallel selection, neutral evolution, and
with or without linkage.

In Chapter 3, I extend the glads model to examine the effects of Dobzhansky-
Muller incompatibilities mutations on the genomic landscape of divergence. In this
chapter, I also examine the effects of concurrently simulating multiple traits under
divergent and parallel selection on the genomic landscape. Lastly, I examine the effects
of these modifications under different migration rates.

In Chapter 4, I extend the glads model to examine the genomic landscape of
introgression. Firstly, I examine the effects of a reduced fitness of hybrids on the genomic
landscape of introgression. Secondly, I introduce gene of large effects into the model and
examine the effect of their density on the landscape of introgression. Thirdly, I examine
the concurrent effect of these additions with different evolutionary processes, including a
non-recombing sex chromosome.

The glads model was chosen to implement these additions for several reasons.
Firstly, the glads model was developed to be easily modifiable, and so it was possible to
implement not only the genotype-phenotype map, but also the modified migration,

mutation and selection parameters (Quilodran, Ruegg, et al., 2020a). Secondly, the
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programme was developed in the statistical programming language R ( R Development
Core Team, 2017). I was able to utilise my familiarity with the R program to implement
the changes into glads and into the c++ functions that the glads package also used.
Thirdly, while other approaches have been developed that allow the simulation of the loci
under different evolutionary processes e.g. Slim, Splatche, and those discussed above in
1.4, the glads model unlike these models was developed to specifically to focus on the
genomic landscape (Currat et al., 2019; Haller & Messer, 2019). At the start of this DPhil
the authors of the glads model were looking to further develop the glads model. Many of
the innovations that are available today for some of the other modelling approaches were
developed after the start of this DPhil, while the research presented in this DPhil was

being developed.
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Abstract

While the role of selection in divergence along the speciation continuum is theoretically
well understood, defining specific signatures of selection in the genomic landscape of
divergence is empirically challenging. Modelling approaches can provide insight into the
potential role of selection on the emergence of a heterogenous genomic landscape of
divergence. Here, we extend and apply an individual-based approach that simulates the
phenotypic and genotypic distributions of two populations under a variety of selection
regimes, genotype-phenotype maps, modes of migration, and genotype-environment

interactions. We show that genomic islands of high differentiation and genomic valleys
23



of similarity may respectively form under divergent and parallel selection between
populations. For both types of between-population selection, negative and positive
frequency-dependent selection within populations generated genomic islands of higher
magnitude and genomic valleys of similarity, respectively. Divergence rates decreased
under strong dominance with divergent selection, as well as in models including
genotype-environment interactions under parallel selection. For both divergent and
parallel selection models, divergence rate was higher under an intermittent migration
regime between populations, in contrast to a constant level of migration across
generations, despite an equal number of total migrants. We highlight that interpreting a
particular evolutionary history from an observed genomic pattern must be done
cautiously, as similar patterns may be obtained from different combinations of
evolutionary processes. Modelling approaches such as ours provide an opportunity to
narrow the potential routes that generate the genomic patterns of specific evolutionary
histories.

Keywords: frequency-dependent selection, genomic landscape, genotype-phenotype

map, individual-based model, natural selection, speciation

2.1. Introduction

New species can form in a variety of ways (Coyne & Orr, 2004b), but gradual (rather
than abrupt) divergence between lineages, culminating in reproductively isolated forms
described by the speciation continuum is thought to be frequent (Nosil, Harmon, et al.,
2009). Multiple microevolutionary processes (i.e. drift, mutation, migration and different

types of selection) can interact to influence progression along this continuum. While
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natural selection is considered a primary driver of speciation (Schluter, 2009),
reconstructing the roles of, and interactions among, microevolutionary processes as
divergence proceeds remains a key goal of evolutionary biology. Genomic signatures of
these processes may be observed in the topography of the genomic landscape of
divergence: the heterogeneous divergence profile along the genomes of two diverging
forms (Gavrilets, 2014; Michel et al., 2010; Wolf & Ellegren, 2017). Previous approaches
have provided valuable insights into how microevolutionary processes shape genomic
landscapes of divergence (e.g. Andrello & Manel, 2015; Feder, Gejji, et al., 2012;
Quilodran et al., 2020; Sedghifar et al., 2016). However, these approaches have been
restricted to limited demographic parameters and an additive genotype-phenotype map.
Additionally, definitive conclusions are difficult because multiple combinations of
processes may yield similar genomic profiles (Campbell et al., 2018; Quilodran, Ruegg,
et al., 2020a; Ravinet et al., 2017; Wolf & Ellegren, 2017). Click or tap here to enter
text.Thus, the genomic signatures of combinations of evolutionary histories and
processes, interacting with varying genomic architectures, require further investigation.
Two main features of genomic landscapes of divergence that have received
particular attention are genomic islands and valleys (Feder, Egan, et al., 2012; Michel et
al., 2010; Wolf & Ellegren, 2017). Genomic islands describe regions of the genome with
very high levels of divergence, and genomic valleys regions with low levels of
divergence, relative to background levels (Ravinet et al., 2017; Roesti et al., 2014b).
Different forms of natural selection can result in formation of islands and valleys
(Seehausen et al., 2014; Shafer & Wolf, 2013). During the early stages of the speciation
continuum, genomic islands are typically formed under divergent selection, where
different phenotypes, and hence different alleles, are favoured in each population (Feder

et al., 2013; Seehausen et al., 2014). However, the formation of genomic islands is not
25



restricted to the action of divergent selection, and they can form stochastically at neutral
loci (Bay & Ruegg, 2017; Nosil & Feder, 2012; Quilodran, Ruegg, et al., 2020a). A
genomic valley may form under parallel selection, when the same phenotype is favoured
in both populations, and that phenotype is produced by the same allele(s) (Roesti et al.,
2014b). However, genomic valleys may also form when similar deleterious mutations are
removed in both populations (Cvijovi¢ et al., 2018). As the speciation continuum
progresses, a heterogenous genomic landscape of divergence may thus emerge between
populations influenced by parallel and divergent selection on different aspects of the
phenotype (Ravinet et al., 2017; Seehausen et al., 2014).

Frequency dependent selection (FDS) can occur concurrently with parallel and
divergent selection during divergence. FDS describes how the frequency of a phenotype
influences its fitness within a population, while parallel and divergent selection influence
the phenotypic variation between them (Bolnick & Stutz, 2017). By influencing allele
frequencies that underlie these phenotypes, FDS can also impact genetic variation
between populations. FDS can be positive (PFDS), where the fitness of a phenotype
increases as its frequency increases (Endler, 1988; Thompson, 1984), or negative (NFDS)
where the fitness of a phenotype increases as its frequency decreases (Clarke &
O’Donald, 1962). Both forms have been empirically documented. For instance, PFDS has
been observed for hymenopteran black and yellow warning colouration to signal prey
unpalatability (Endler, 1988), as well as phlox flower colouration to attract pollinators
(Smithson, 2001). NFDS has been observed for predation-driven apostatic selection in
the grove snail (Cepaea nemoralis) (Allen, 1988); and reproductive mating strategies in
the side blotched lizard (Uta stansburiana) (Sinervo & Lively, 1996), and ruff
(Philomachus pugnax) (Kiipper et al., 2015). While NFDS acts to maintain genetic

diversity (Clarke, 1979; Doebeli & Ispolatov, 2010), PFDS reduces genetic diversity due
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to selection against rare phenotypes (Langham, 2004; Mallet & Barton, 1989). However,
the potential impact of the interaction of these types of selection with other
microevolutionary processes on the genomic landscape of divergence is not well
understood (Brisson, 2018; Svensson et al., 2018).

Divergence patterns across the genomic landscape may also be influenced by
migration between populations, the genotype-phenotype map and genotype-environment
(GxE) interactions. Migration, the movement of alleles between populations, generally
acts to hinder genetic divergence (Futuyma, 1987; Morjan & Rieseberg, 2004), though
can promote divergence through adaptive introgression, as has been observed in some
radiation events (Lamichhaney et al., 2015; Mallet, 2007; Mavarez et al., 2006). The
nature of the genotype-phenotype map, and GxE interactions can shape the genomic
landscape via effects on genetic variation. The purely genetic contribution to the
phenotype can be partitioned into additive, dominance and epistatic variation (Falconer
& Mackay, 1996). Where the genotype-phenotype map includes dominance i.e. alleles at
a locus interact to produce a phenotype that differs to that expected from the additive
effect of those alleles (Falconer & Mackay, 1996), genetic diversity can be maintained
when the same phenotype is produced by heterozygous and homozygous dominant loci
(Kojima, 1959). GxE interactions, which describe how the phenotype is jointly influenced
by the genotype and the environment (Falconer & Mackay, 1996), can also maintain
genetic diversity in heterogenous environments (Etges et al., 2007; Mitchell-Olds, 1995).

Several modelling approaches have been developed to simulate the genomic
signatures that different microevolutionary processes may produce during divergence.
Many of these models are limited to simulating either a single or a few bi-allelic loci,
with selection often defined as a single parameter (e.g. Charlesworth et al., 1997; Feder,

Gejji, et al., 2012; Feder & Nosil, 2009, 2010; Sedghifar et al., 2016). While considering
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selection as a single parameter provides valuable information, it represents a specific
stage after a given divergence level is reached (Feder, Gejji, et al., 2012a; Feder & Nosil,
2009, 2010). Coalescence-based models have proved useful, particularly when studying
neutral evolution (Lohse, 2017). Coalescence-based models also have the advantage of
being able to incorporate large amounts of data, potentially simulating entire
chromosomes for large populations, and include selection and migration (Haller et al.,
2019; Haller & Messer, 2019; Kelleher et al., 2016). Yet, they are typically less
informative for small population sizes affected by selection and non-random reproduction
(Currat et al., 2015).

Individual-based models (IBMs), or agent-based models, provide population level
insights from the collective behaviour of individuals (DeAngelis & Grimm, 2014; Grimm
et al., 2006). The simulated individuals are defined by state variables (e.g. physiological
traits or genetic attributes), with fixed population behaviours (e.g. average offspring
number and migration rates). IBMs use a forward-in-time approach in contrast to
backwards-in-time coalescence-based models (Hoban et al., 2012), allowing the
exploration of more complex demographic and genetic dynamics during divergence. In
addition, due to the exponential increase in computational power and the wealth of
genomic data gathered in recent decades, IBMs have successfully simulated the evolution
of populations using large genomic fragments (Currat et al., 2015; Peng & Kimmel,
2005). One challenge of developing IBMs is uncertainty in model structure and its
parameters. Natural systems are extremely complex, and so either key aspects of the
systems are left out or the system is over-parameterised, and so are of limited of use
(Grimm et al., 2005). This issue can be mitigated by calibrating the model from observed
patterns in the data at different scales (Grimm, 2019). Additionally, the predictions of

IBMs are highly dependent on parameterisation, and without precise parameterisation of
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the simulated individuals, meaningful interpretations of the data can be challenging
(Breckling, 2002). However, this can be mitigated by developing the model to cover a
wide parameter space (Grimm, 2019).

A recent application of the IBM approach introduced a flexible fitness function
for simulating evolutionary dynamics (Quilodran, Ruegg, et al., 2020a). This function
allows the linking of evolutionary, ecological, and population demographic parameters in
a form that is not possible when selection is summarized as a single parameter. In
addition, the framework facilitates simulation of various scenarios of migration, neutral
and non-neutral evolution, using non-uniformly distributed loci with varying
recombination and mutation rates. We further developed the IBM of Quilodréan et al.,
(2020) to model the speciation continuum under both divergent and parallel selection. We
introduced four modifications: 1) negative and positive frequency dependent selection
within populations; ii) genetic dominance rather than a purely additive genotype-
phenotype map; iii) genotype-environment interactions; and iv) a modified version of the
migration parameter allowing a variable level of migration instead of fixed values across
all generations. Our aim is to better understand the formation of heterogenous genomic
landscapes of divergence, including the development of genomic islands and valleys, as
well as to provide a more flexible framework for exploring the genomic patterns that may

emerge after particular evolutionary histories.

29



2.2. Methods

2.2.1 Description of the model

The simulations are based on the Genomic Landscape of Divergence Simulations
(‘glads’) IBM developed by Quilodran et al., (2020). The ‘glads’ framework can be used
to explore the role of different microevolutionary processes acting as populations diverge,
and via parametrization with empirical data, can also be used to answer questions about
specific systems (Sendell-Price et al., 2020) (Fig. 1).

Three hierarchical levels are considered in this framework: genotype, phenotype
and demographic parameters. Individuals are assigned a sex and genetic identity. The
genotype-phenotype map describes the relationship between different genetic states and
the phenotype they produce, by considering different genetic interactions such as epistasis
and dominance (Brun-Usan et al., 2022). Here, a genotype-phenotype map defines the
expected phenotype from the simulated genotypes, which along with the environment,
defines the realized phenotype of individuals. Through the implementation of a fitness
function, fitness is computed for each realized phenotype.

Individuals are diploid and are genetically defined by a two-dimensional array
that represents homologous chromosomes. Each position in the array represents a locus.
With multiple individuals being defined in this manner, we can observe genomic variation
at a population level at each locus. For an additive genotype-phenotype map, two integers
at each locus influencing a given phenotype determine the locus’s breeding values (b,,)
(i.e., the homologous alleles in a diploid system), each of which can take the form of any
of the simulated alleles e.g. alleles 1 to 20. An individual’s phenotype (z) is computed as

the sum of all the breeding values contributing to that phenotype (n,), along with a
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stochastic environmental component (&,,,,), with a defined variance (0,,,,) and mean (0)

(equation 1).

Z = 2321 bv + genv(OJ Genv) (1)

The fitness (w) of an individual is a modified gaussian function of the phenotype
(equation 2). The following population level parameters are introduced in the first part of
equation 2: maximum number of offspring (b, ); phenotypic optimum (b, ); and variance
of the gaussian distribution of the phenotype (b,). b, represents the maximum fitness of
individuals in the population, while b; represents the value of z that corresponds with by.
In the second part of equation 2, a density-dependent component is introduced to prevent
exponential growth (b3) of the population size (N). In the third part of this equation, a
stochastic demographic component (€4,,,) With a predefined variance (04.,,) and mean

(0) is introduced.

1.z-bing

w = bOe 2% byng

" = baN + 2aem (0, Ogem) @

The input of each simulation run is composed of different populations, containing
multiple genetically and sexually defined individuals, in which population level
parameters are applied. Divergent selection can be simulated with different phenotypic
optima (b;) between populations, while parallel selection can be simulated with equal b,
values. The simulation progresses by iterating discrete steps, representing generations, as
found in the Wright-Fisher model. One effect of simulating non-overlapping generations

is that the simulated effect of drift is weaker, with estimates from simulations with weak
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selection showing that the effect of drift is twice as strong with overlapping generations
compared to non-overlapping generation (Rogers & Prugel-Bennett, 2000). In each
generation, individuals mate and generate offspring, where the probability of a male siring
offspring, and the number of offspring produced by a female depends on their respective
fitness. The offspring inherit half of the genome from each parent, but differ from them
by specific rules defining recombination and mutation rates. The recombination
parameter gives the probability of a crossover occurring; and is implemented as either an
average Poisson probability over all loci or as a fixed probability between adjacent loci
that considers a recombination map (see Quilodran et al., 2020). The mutation parameter
is defined by a binomial distribution computing the expected number of mutations per
site, per generation. This parameter is restricted to biallelic genetic structures, and
mutations at selected loci can affect the additive phenotype; consequently, shifting the
phenotype towards or away from the phenotypic optimum (adaptive and maladaptive
respectively). The offspring reach sexual maturity and have the potential to reproduce in
the next generation. Finally, the migration rate parameter defines the probability of
sexually mature individuals moving between populations. By applying these parameters
over the course of iterative simulations, a genomic landscape of divergence can be
observed between populations. By changing the parameters, the effects of different
evolutionary mechanisms, such as selection and drift, can be ascertained. This model is

implemented in R using the ‘glads’ package (Quilodran, Ruegg, et al., 2020a).

2.2.2 Frequency dependent selection

The first modification to the model fitness function (equations 1 and 2) is a framework
for frequency dependent selection (FDS). FDS was applied to the phenotype derived in

equation 1. The range of phenotypes (z) for each population were partitioned to a pre-
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defined number of bins of equal size (K). Individuals (i) were subsequently assigned to a

bins (Kj), based on their phenotypic trait value (equation 3).

K = |2 | 3)

J Zmax—Zmin

FDS was applied to the frequency of individuals within each bin (fK;), which was

normalized by the bin with the highest frequency (f K4, ). This facilitates simulation of
both positive and negative FDS. Under positive FDS, fitness increases as the frequency
of individuals within the bin increases. Conversely, under negative FDS, fitness decreases
as the bin frequency increases. The strength of FDS was implemented by the parameter
(F) that denotes the maximum increase in offspring number due to FDS. The product of

Kj

) represents the fitness change
ax

parameter /" and the normalized bin frequencies ( ﬂi
m

due to FDS (w';), for an individual belonging to a given phenotype bin. In positive FDS,

the product is added to the fitness, from equation 2, for each individual (equation 4).

W'y = w;+ (2= F) (4)

In negative FDS, an inverse relationship between fitness and the bin frequency is

computed. This is calculated by subtracting the product of F and the normalized bin

frequency (fI];Kj ) from F, as shown in equation 5.
1 fKj
wl=wl+(F—(mF)) (5)
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2.2.3 Genetic dominance

The second modification made to the model was the addition of dominance to the
genotype-phenotype map across all loci. Our genotype-phenotype map considers £ alleles
per locus influencing a given phenotype, denoted in the IBM array of breeding values (b,)
as 1 to k. We provide an option to define the pattern of the dominance hierarchy in alleles.
This is simulated by providing a list of length k numerical values, with each value
representing a different allele. These values indicate the position in the dominance
hierarchy for the respective allele. Note an equivalent position, or co-dominance, between
alleles can be achieved by assigning the alleles equal values in the hierarchy list. Co-
dominance was used in the original application of ‘glads’ (Quilodran, Ruegg, et al.,
2020a), and was an additive only model. We simulated three different strengths of
dominance: strong, medium and an additive model (co-dominance). Under the additive
model, each allele in a heterozygote contributed equally to the phenotype, and had an
equal chance of being inherited. Therefore, under this model the hierarchy position for all
k alleles are equivalent (Fig. S1a). Under the other two models, the chance of inheritance
for each allele in a heterozygote was also equal. However, under the strong dominance
model, only a single ‘dominant’ allele would contribute to the phenotype, with a
contribution the same as the homozygote for that dominant allele. In equation 1, this
corresponds to only a single allele contributing to the b, for each locus (i.e. the allele with
the highest value). In our simulation 20 alleles were used, and the hierarchy for their
dominance were the values 1 to 20, ensuring a dominant allele would be present in any
heterozygous combination (Fig. S1c). The medium dominance model was the same,
except that some heterozygote combinations influenced the phenotype additively instead.

Therefore, for equation 1 under this model, either a single or both alleles will contribute
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b, for the locus. To achieve this medium strength dominance, our dominance hierarchy
followed a bimodal pattern (Fig. S1b).

The three dominance strengths we simulated are found in natural systems (Billiard
et al.,, 2021). For example, in Brassicaceae and the distantly related Ipomoea
(Convolvulaceae) and Senecio (Asteraceae), linear dominance hierarchies, analogous to
our model of strong dominance, have been found for the SP11/SCR gene that controls
self-incompatibility (Brennan et al., 2002; Fujii & Takayama, 2018; Kowyama et al.,
1994). Non-linear hierarchies, analogous to our model of medium dominance, include
lactose tolerance and sex specific dominance (Billiard et al., 2021; Fry, 2010; Tishkoff et
al., 2007). Examples of co-dominance (additive system) include A and B blood type
antigens; hemoglobin producing HBB gene, mutations of which cause beta thalassemia
and sickle-cell disease; and gametophytic self-incompatibility in the S gene of a number

of Citrus species (J. H. Kim et al., 2011; Xia, 2013).

2.2.4 Genotype-environment interaction

Genotype-environment (GxE) interactions were introduced to the model’s genotype-
phenotype map function by modifying equation 1. The first and second components of
this linear equation represent the genetic and the environmental effects, respectively. A
third component was included in this equation to compute the product of the genotype
and the environmental effects, in which parameter (G) represents the strength of this
interaction. This product of both components allows us to compute the realized phenotype
of each individual by considering the interaction between the genotype and the
environment, as shown in equation 6. By incorporating the interaction term, different

genotypes produce different phenotypes in response to a particular environment.
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Z = Z:;lil bv + SeTL‘U(O’ aenv) + ( G * Z:il bv * Eenv(o' Uenv) ) (6)

2.2.5 Migration

We introduced a parameter that allows the specification of changing migration rates
across generation. We explored two scenarios of migration: 1) intermittent migration, in
which the migration rate (m;;) oscillates between 0 and 0.01 in incremental steps of 0.001;
and ii) constant migration rate (m;;) through time, which represents the original approach
included in ‘glads’ (see Quilodran et al., 2020) (see Fig. S2). Note that for tractability,
we only consider migration as a homogeniser that hinders divergence, due to gene flow,
and do not consider its potential role in promoting divergence through adaptive

introgression.

2.2.6 Initialisation of the model

We parameterised the model following Quilodran et al. (2020) to allow comparisons with
the original implementation (Table 1). These simulations considered two diploid
populations of 400 individuals, with genetic identities composed of 300 loci and 20 alleles
per locus. A fraction of the simulated genome was assumed to influence the phenotype
additively (i.e., an additive genotype-phenotype map composed of 50 loci). The
remaining loci, that were not influencing the phenotype, were considered to be neutral.
Because the original implementation focused on patterns at early stages of divergence,
our models did not include the effect of new mutations. A recombination map was
included, that defined the recombination probability between adjacent loci (p), to explore
the effect of unlinked (p = 0.5) and strongly-linked loci (p = 0.0001). Henceforth, we refer

to this original implementation as the base model.
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Whilst our approach is a general model building on the parameters used by
Quilodran et al. (2020), our simulations are inspired by avian systems. Most landbird
species (i.e. bird species that live primarily on or over land) produce two to three eggs per
clutch, with relatively few producing 7 or more per clutch (Jetz et al., 2008). While our
maximum fitness parameter (bo) of six (Table 1) could be high for a landbird, it is
representative of the range of probable values. The size of the FDS percentage
corresponds with the increase in fitness of individuals. We therefore set the FDS
percentage to 2% FD (Table 1) to mitigate exacerbating an already high maximum clutch
size, but also at a percentage that appreciably influences the population. FDS acts upon a
phenotype, and due to the additive model containing many loci, a large number of
different phenotypes (z) could be generated in the population. We captured this variability
by defining 10 phenotypic bins (K) (Table 1). The model is flexible and when modelling
natural systems, bin number and strength can be parametrized accordingly.

For our simulations of GXE interaction, we used values from 5 to 25 for the
strength parameter (G) (Table 1). This range of values was derived using the partitioning
of zebra finch phenotypic variance from Woodgate et al. (2014). The genetic (CVa),
environmental (CVgc) and GXE (CVgE) coefficients of variance were used in the equation
G =CVge/CVa x CVgeto derive G for equation 6. In the case of migration, we simulated
two patterns: intermittent and constant migration. Under the intermittent model,
migration levels varied in a bimodal pattern with a period of cessation of migration in
between the peaks of migration (Fig. S2). Under the constant migration model, a fixed
migration rate m; = 0.006 was used, which was the average migrate rate of the intermittent
model. This value was used to facilitate comparisons of the two models, by simulating an
equivalent number of migrants at the end of each simulation. Finally, divergent selection

was simulated by assigning the populations distinct phenotypic optima, while parallel
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selection was simulated by assigning the populations the same phenotypic optima (bo,
Table 1). Divergent and parallel selection were parametrised in the same way as

implemented in Quilodran et al. (2020).

2.2.7 Evaluation of divergence

Genetic divergence between simulated populations was quantified with the fixation index
(Fs1), the ratio of pairwise differences between the genotypes of two populations, relative
to the variation within populations (Weir & Cockerham, 1984). Fst ranges from O to 1,
where a value of 1 indicates fixation of alternative alleles in each population. Fst was
computed every 100 generations across the total of 2000 simulated generations, using the
‘pegas’ package (Paradis, 2010). Simulations and analyses were carried out using R
(version 3.61; R Core Team, 2019).

A hidden Markov model (HMM) was applied to the Fst output to differentiate
among effects of different types of selection included in our simulations (i.e., parallel or
divergent selection with frequency dependent selection). We simulated four different
types of loci (i.e., selected-linked, selected-unlinked, neutral-linked, and neutral-
unlinked), selecting an equal number of randomly chosen loci from each type in order to
standardize the HMM. The HMM was used to identify three hidden states: 1) genomic
islands; ii) genomic valleys; and 1iii) background levels of differentiation. The HMM
analysis was performed following Marques et al. (2016) using the ‘HiddenMarkov’ R
package (Harte, 2017). The Baum-Welch algorithm was applied using 1000 randomly
chosen initial parameter values to find the parameter estimates with the highest
likelihood. The Viterbi algorithm used these parameters to find the most likely sequence

of states across the simulated loci. The significance of the assigned states was assessed
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by randomly permuting islands and valleys 10,000 times across the simulated loci

(Quilodran, Ruegg, et al., 2020a).

2.2.8 Simulations

Our simulations were designed to elucidate how microevolutionary processes may
influence the emergence of a heterogeneous genomic landscape of divergence. The
parameters used for the simulations are listed in Table 1. The simulations explored how
1) frequency dependent selection, 2) dominance, 3) GXE interaction, and 4) migration can
influence the genomic landscape, alongside the effect of divergent selection, parallel
selection, and drift (Table 2). While we analyse each effect separately, the concurrent
effect of these processes may be simulated using the ‘glads’ model. The code for the
modified glads functions can be found in supporting information (Appendix S1).

All simulations were run for a maximum of 2000 generations. The fixation index
(Fst) was measured every 100 generations to characterize the formation of the genomic
landscape of divergence. We also measured the phenotypic space, measured as the range
of a quantitative phenotype occupied by a population. When the effect of the
microevolutionary process being investigated was not easily interpretable, the phenotypic
space provided additional data on how a particular genomic landscape formed. Each
simulation was repeated 100 times, with the individuals for each iteration varying in
genetic identity at the beginning (generation 0). This was implemented by using a
different random number generator in R for each simulation (set.seed function). These
simulations were performed at the University of Geneva on the "Yggdrasil" HPC cluster

and on the Oxford ARC clusters.
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2.3. Results

2.3.1 Frequency-dependent selection

Our first set of simulations explored the effect of frequency dependent selection on the
genomic landscape of divergence between two populations that have evolved
independently over 1000 generations (i.e., without migration). In the base model (a purely
additive genotype-phenotype map without FDS), the genomic landscape under divergent
selection shows the formation of a genomic island at selected loci (Fig. 2a) while parallel
selection does not produce any feature that can be distinguished from neutral background
divergence (Fig. 2b). Implementation of PFDS produces a genomic island under both
divergent and parallel selection regimes, while NFDS produces a genomic valley under
both regimes (Fig. 2a,b). The genomic island formed under PFDS is not influenced by
linkage to any great extent. The entire selected region approach fixation regardless of
position of linked or unlinked loci (Fig. 2a,b), with little variation in this outcome over
all simulations (Fig. 3a,b). This contrasts with both the baseline model and NFDS where
the island or valley signature is amplified at linked loci (Fig. 2a,b; Fig. 3a,b). In general,
a high degree of variation in Fst was seen across the 100 simulations for different
combinations of selected/neutral and linked/unlinked loci (Fig. 3a,b).

While islands or valleys were frequently observed on selected linked loci,
significant islands and valleys (as identified by the hidden Markov model) were also
observed elsewhere (Fig. 4). For instance, the majority of valleys observed for both
divergent and parallel selection under PFDS occurred at neutral loci (both linked and
unlinked), and the majority of islands formed under NFDS also occurred at neutral loci

(Fig. 4). Under parallel selection in the baseline additive model, the number of islands
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and valleys for different loci types (selected/neutral and linked/unlinked loci
combinations) were similar (Fig. 4b). However, under divergent selection, the majority
of the islands and a smaller proportion of valleys were found at selected loci (Fig. 4a). As
expected, under PFDS for both types of selection, a higher number of islands on selected
unlinked loci were observed compared to the base additive model (Fig. 4c,f). The
expected contrast was observed with NFDS, in which an excess of valleys and very few
islands were observed on linked selected loci for both types of selection (Fig. 4b,e).

A comparison of the genomic landscape of divergence at 1000 generations (above
results) with that at 100 generations and 2000 generations showed the dynamics of
genomic landscape features develop over time (Fig. 5). At 100 generations, incipient
island formation was already evident, and for the base model under divergent selection,
and PFDS under both divergent and parallel selection, these islands persisted at 2000
generations, albeit at a smaller amplitude. Valley formation occurred later in the
divergence process when NFDS was applied, with an island rather than a valley evident
in early stage divergence (100 generations) (Fig. 5). The depth of valleys increased
between 1000 and 2000 generations as surrounding neutral divergence increased.

The distribution of phenotypes realized by individuals at a range of generation
time points under divergent and parallel selection, and with and without FDS is shown in
Fig. 6. At early stages of divergence (<100 generations), the distribution of phenotypes
was similar for all models. The implementation of divergent selection with the base
model, or with PFDS, resulted in two disjunct phenotypic groups by 500 generations,
each occupying a relatively narrow range of values. Under divergent selection with
NFDS, the two populations overlapped in phenotypic space after 2000 generations
despite the divergence of the phenotypic space of the populations. Under parallel

selection, phenotypes in the two populations did not diverge, but the range of phenotypes
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is narrowed when applied to the base model, or with PFDS, compared to a wider range
for NFDS. In short, the models showed the expected changes in between- and within-
population variation under different population selection regimes.

These results highlight that resulting levels of divergence were highly variable.
For each independent simulation, the starting genomic composition varied, and under
these varying conditions, with the same parameters, similar values of divergence could
be obtained across loci irrespective of linkage and selection. This is shown by the HMM,

where the formation of islands and valleys potentially occur across all loci types (Fig. 4).

2.3.2 Dominance

The next set of models modified the genotype-phenotype map to include the effects of
dominance rather than alleles acting in a purely additive manner. After 1000 generations
of independent evolution, and application of a divergent selection scenario, an island of
divergence was evident when moderate dominance was applied (similar to, though
slightly higher in amplitude, a purely additive model), however application of strong
dominance inhibited island formation altogether (Fig. 2¢). Under parallel selection,
pronounced islands of divergence were not seen for either moderate or strong dominance,
as was the case for the base additive model (Fig. 3d).

The development of the genomic landscape of divergence over generations is
shown in Fig. S3. When dominance was strong, divergence levels were comparable for
selected and neutral, and linked and unlinked loci from the earliest stages of divergence
(100 generations) through to the latest stages (2000 generations), with only a slightly
elevated selected region under divergent selection. The genomic island that formed under

moderate dominance level and divergent selection was observed from the earliest stages.
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A transient, low amplitude genomic island developed in the early stages under parallel

selection and moderate dominance.

2.3.3 Genotype x Environment interaction

The addition of GxE interactions of varying strengths (G = 5 to 25, see eq.6) did not
change the shape of the landscape of divergence to any large degree under divergent
selection (Fig. 2e). However, inclusion of GXE interactions depressed divergence across
the genome compared to the base additive model when parallel selection was applied
(Fig. 2f). This difference from the additive model was maintained from the early to latest
stage of divergence (Fig. S4). Despite the strength of the applied GXE interaction, under
varying initial genetic diversity, similar values of divergence could be obtained across

loci irrespective of linkage and selection (Fig. 3e,f).

2.3.4 Migration

The addition of migration, whether acting in a constant or intermittent manner, slowed
divergence overall compared to a model with no migration, but the main features of the
profile of the genomic landscape were maintained: the formation of an island under
divergent selection, which was more prominent at linked loci; and divergence levels
equivalent to neutral loci under parallel selection (Fig. 2g,h). However, delivery of the
same amount of migration intermittently rather than constantly produced higher levels of
divergence. This was more pronounced under a parallel selection regime, where the
difference emerged early in the process (100 generations) and was maintained until the
end of the simulations (2000 generations) (Fig. S5). The variation around the average

values obtained from the 100 independent simulations after 1000 generations showed
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that, under divergent selection for both migration models, selected loci had higher levels

of divergence than neutral loci (Fig. 3g,h).

2.4. Discussion

Our individual-based modelling approach has revealed the shapes of the genomic
landscape of divergence when varying (1) the type of selection acting within and between
populations, and (2) the form of the genotype-phenotype map. Genomic islands or valleys
may form irrespective of whether between-population selection is divergent or parallel
when positive and negative frequency dependent selection also operate within each
population, and can also form in the absence of selection (Fig. 2a,b). Furthermore, we
show that a consequence of dominance in the genotype-phenotype map is the erosion of
genomic islands under divergent selection. The level of divergence at both neutral and
selected loci were highly variable in our simulations, and the formation of islands or
valleys was not always guaranteed. This variable output is known to be influenced by a
range of factors (Ravinet et al., 2017; Yeaman et al., 2016), including the initial genetic
diversity of the ancestral population and drift (Quilodran, Ruegg, et al., 2020a; Yeaman
et al., 2016). Our findings confirm that the genotype-phenotype map, gene flow pattern,
and selection regime affect the development of a heterogenous genomic landscape of
divergence (Quilodran, Ruegg, et al., 2020a). We also show they affect the maintenance
of genetic diversity under certain conditions: negative frequency dependent selection and

dominance.
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2.4.1 A heterogenous genomic landscape of divergence under divergent and parallel

selection is influenced by within-population frequency dependent selection.

Frequency dependent selection within populations (PFDS and NFDS) influenced the
genomic landscape over time, irrespective of the type of selection between populations
(i.e. divergent and parallel). Both PFDS and NFDS reflected our expectation of
generating islands and valleys of divergence, respectively. High linkage influenced the
shape of the genomic landscape, with selection acting effectively on entire haplotype
blocks that then rapidly increase in frequency. This corroborates empirical results where
strong linkage typically associated with genomic inversions or proximity to centromeres,
is often associated with heterogenous genomic landscapes (Huang et al., 2020; Puig
Giribets et al., 2019; Sodeland et al., 2016; Tepolt & Palumbi, 2020).

PFDS resulted in a genomic island that was not evident under parallel selection
alone, and was also taller under the effects of divergent selection. PFDS is known to
accelerate the fixation of the most frequently occurring allele at a locus under selection
(Gordon et al., 2015), which results in a rapid reduction of within population phenotypic
variation in our simulations. While this increased the difference between quantitative
phenotypes of populations under divergent selection, it decreased the difference under
parallel selection, with both populations reaching similar phenotypes. Because there are
multiple genetic combinations that result in a given quantitative phenotype, small
differences in frequency of the most common allele in each population could be quickly
amplified by PFDS, resulting in the development of genomic islands over time.
Experimental and empirical investigations have shown the proliferation of
monomorphism in species influenced by PFDS (Lindstrém et al., 2001; Mallet & Barton,

1989; Nokelainen et al., 2014), but also polymorphism (Chouteau et al., 2016; Ogilvie et
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al., 2021; Ronka et al., 2020). Both are compatible with our expectation of PFDS under
different types of selective pressure between populations.

NFDS as a type of balancing selection is expected to maintain ancestral
polymorphism (Brisson, 2018). Genetic diversity within populations negatively
correlates with divergence between populations, which may in turn exacerbate valley
formation (Wolf & Ellegren, 2017). In our simulations, this is illustrated by the formation
of genomic valleys irrespective of the form of selection between populations. The
influence of NFDS maintained the within population phenotypic variation and
consequently decreased the distance between the phenotypic space of the populations.
This finding is in line with empirical observations made under allopatric conditions of
morphological overlap between populations under NFDS (Franks & Oxford, 2017).
However, under NFDS, the genomic landscape feature for linked loci often transitioned
from a genomic island seen at early stages of divergence (100 generations), to a valley by
the later stages (1000 generations). This can be explained by the stochastic generation of
different additive routes towards a common phenotype, forming idiosyncratic differences
between the populations, resulting in genomic islands in some early stage simulations
(Goldberg et al., 2020). However, as divergence progresses, the cumulative effect of
NFDS generates large within-population genotypic and phenotypic variation, resulting in
genomic valleys at later stages for both parallel and divergent selection between

populations.

2.4.2 Maintenance of polymorphism under divergent selection limits island formation

The incorporation of polymorphism-maintaining processes such as dominance and NFDS
(Brisson, 2018; Moulherat et al., 2017) shape the genomic landscape of divergence.

Under strong dominance and divergent selection, genomic island formation was inhibited
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as recessive alleles were maintained in the heterozygous form. Other mechanisms not
explored here by which dominance could maintain polymorphism include situations
where dominance relationships among alleles reverse, for example where dominance is
sex-dependent or non-linear relationships exist between fitness and gene activity
(Connallon & Chenoweth, 2019; Nabutanyi & Wittmann, 2021). When the average
strength of dominance decreases (under the medium dominance model), dominant-
recessive combinations of alleles form more rarely, polymorphism is therefore
maintained more rarely, allowing formation of islands of divergence as seen in our
simulations. NFDS is even more effective at maintaining polymorphism than dominance
because the latter is not a selective process (Asmussen et al., 2004), resulting in valley
rather than island formation at selected loci. Overall, the incorporation of polymorphism
maintaining processes could help reconcile differences between empirical and simulated
levels of divergence. For example, in the silvereyes species complex (Zosterops lateralis)

simulated levels of divergence exceed empirical observations (Sendell-Price et al., 2020).

2.4.3 Genotype-Environment interaction reduces divergence of selected and neutral loci

under parallel selection

The effects of GXE interactions on the genomic landscape were our most surprising
results; particularly, the lack of effect GXE interaction had on the landscape under
divergent selection compared to parallel selection. In heterogenous environments, GXE
interactions can favour different genotypes in different environments, maintaining allelic
diversity (Coté & Simons, 2020; Falconer & Mackay, 1996; Plesnar-Bielak et al., 2018).
In our simulations, the phenotype was an additive combination of both the stochastic
environmental component (varied between individuals in a population) and the additive

genotypic component. As a result, different additive genotypes complemented different
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environmental components within a population (e.g. a given additive genotype may form
a fitter phenotype with a particular environmental value and a less fit phenotype with a
different environmental condition) (Falconer & Mackay, 1996). Furthermore, since the
genotype — phenotype function in equation 6 additively includes the product of the
genotype and the environment, higher values of GxXE also increase the phenotypic
variance of the population. Our simulations reflect the increased phenotypic variance, as
a consequence of the implementation of GXE in equation 6. Under parallel selection, a
consequence of the increased genetic variance was that more often common allelic
combinations persisted in the simulations, decreasing Fst. However, under divergent
selection, different phenotypes were selectively favoured between both populations, in
which alternate allelic combinations (generating alternate phenotypes) were favoured. In
this last condition, the frequency of common allelic combinations between the two
populations was not affected by the increase in phenotypic variance (as a consequence of

GxE interaction), and so Fst did not decrease.

2.4.4 Intermittent gene flow slows the loss of genomic islands over time

Genomic islands of divergence are expected to disappear over time with the accumulation
of genome-wide differences between populations (Nosil & Feder, 2012; Wu & Ting,
2004). However, the temporal dynamic of this process can be moderated by gene flow
through migration, in which some gene flow slows the process of genomic island erosion,
while a high level can rapidly erase them (Quilodran, Ruegg, et al., 2020a). We show that
the gene flow pattern (intermittent or continuous) influences the overall level of
divergence, with intermittent gene flow resulting in a higher level of divergence despite
an equal number of migrants, via a slowed loss of genomic islands over time. This

emphasises the importance of considering different patterns of gene flow when aiming to
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depict the historical divergence of any biological system (Kirkpatrick & Ravigné, 2002;

Rundle & Nosil, 2005)

2.5. Conclusion

The interpretation of past evolutionary histories based on the observation of given
genomic patterns have to be made with caution (e.g. Funk et al., 2021 and Ottenburghs et
al., 2017), as the emergence of specific patterns is not ensured by a unique set of
circumstances. While divergent selection with ongoing gene flow was a prominent
explanation for genomic islands of divergence (Feder et al., 2013), more recent studies
have shown that they may emerge from a variety of evolutionary routes in the absence of
gene flow (Ravinet et al., 2017). Even under divergent selection and strong linkage, two
elements that often show patterns of genomic islands when concurrently influencing
genomic landscapes (Nam et al., 2020), we have shown that islands could disappear or
even turn out to be valleys of similarity when adding other layers of complexity to the
system, such as strong dominance and frequency dependent selection. Computational
approaches that concurrently analyse theoretical expectations with summary statistics
based on empirical data (e.g., Approximate Bayesian computational methods and
machine learning methods) provide an opportunity to narrow the range of potential
drivers that produce a particular genomic landscape of divergence under defined
evolutionary histories. The modelling tool used in our approach will allow further
exploration of genomic landscape dynamics under the nuanced and complex conditions
that characterize biological systems. Empirical data can be fitted to this flexible model to

simulate the evolution of natural populations (e.g. Sendell-Price et al., 2020). In doing so,
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our individual-based approach may help to provide powerful insights into the effects of

different microevolutionary processes on particular natural systems.
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2.7. Figures and Tables

Table 1 — List of parameters

Parameter
N
nr
Na
bo

b

b>

bs

Genv

Odem

Definition

Population size

Number of simulated loci
Number of additive loci
Maximum offspring number

Phenotypic optima

Variance of fitness curve

Density dependence

Stochastic environmental component
Stochastic demographic component
Number of alleles per locus
(breeding values)

Sex ratio

Mutation rate

Linked loci position

Linkage

Number of generations

Gene flow (Migration rate) f

Figure S2

Value

400

300

50

6

Pop. 1 =0.25;

Pop. 2 = 0.75 (divergent selection models only)
0.5

Pop.1 =0.01;

Pop.2 = 0.005 (divergent selection models only)
0.01

1

20

0.5

0

60:69, 150:159, 230:239
0.0001

2000

0,

0.005999 (constant migration rate)
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0 to 0.01(intermittent migration rate)

Fi Frequency dependent selection strength 2%
Ki Number of bins 10
G3§ Genotype-environment 5,10,15,20,25

interaction (GxE)

1 Migration is only present for the migration specific models
I Fand Kineq. 3-5

§ Value of G in eq.6
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Table 2 — Scenarios simulated using the glads model

Selection

G-P map+

Additive

Additive

Non-additive

Additive

Additive

Divergent selection
Positive frequency
dependent selection
Negative frequency
dependent selection
Dominance (medium &
strong)
Genotype-environment
interaction

Gene flow (constant vs

intermittent)

1 Genotype-Phenotype map

Parallel selection
Positive frequency
dependent selection
Negative frequency
dependent selection
Dominance (medium &
strong)
Genotype-environment
interaction

Gene flow (constant vs

intermittent)
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Input parameters Initial individuals
Recombination, mutation, q Genotype, sex and population
migration rates,
number of

generations

Compute phenotypes

Next generation

Compute fithess scores

Final results

More generations? Genotypes, sex
of individuals,

population sizes

Form mating pairs
Parental gametes combine

Migration
Adjust population size accordingly

Generate offspring
With a sexual & genetic identity

Figure 1. Summary of the ‘glads’ framework showing each of the main steps in the
modelling approach. The boxes in brown represent initialisation of the model. The cycle
represents a given time-step iteration, with the boxes indicating the different computing
steps for each generation. The box “More generations?” represents a condition variable
stating either the running of another generation (“Next generation” box) or the end of
simulations (sky-blue circle, representing the output from which the genomic landscape

is computed). Adapted from Quilodran et al., (2020).
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Figure 2. The genomic landscape of divergence between two populations. The output is
summarised as the average Fst from 100 simulations of 1000 generations each. The Fst
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is plotted from O to 1, except for e-f where the Fisr is plotted from 0.5 tol. Locus position
represented on the x-axis is shaded red for unlinked loci and yellow for linked loci, with
loci under selection (S) that contribute to phenotypic trait values indicated by region
between the vertical dashed lines. The left-hand panels show divergent selection, and the
right-hand panels, parallel selection. For each of these selection regimes, graphs show the
addition of: a-b) frequency-dependent selection; c-d) varying dominance strength; e-f)
varying genotype-environmental interaction strength (G in eq.6); and g-h) varying modes
of gene flow under an additive model. In a-f) black lines denote divergence levels under
divergent or parallel selection and a purely additive genotype-phenotype map, for

comparison with modelled additions.
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Figure 3. Mean Fsr for different loci types. Mean Fisris given for selected linked (SL),

selected unlinked (SU), neutral linked (NL) and neutral unlinked (NU) loci calculated

from 100 simulations of 1000 generations, with error bars denoting the 95% quantile. The
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left-hand panels show divergent selection, and the right-hand panels, parallel selection.
For each of these selection regimes, graphs show the addition of: a-b) frequency-
dependent selection; c-d) varying dominance strength; e-f) varying genotype-
environmental interaction strength (G in eq.6); and g-h) gene flow. In a-f) the black bars
denote divergence levels under divergent or parallel selection and a purely additive
genotype-phenotype map, as a basis for comparison with modelled additions. The

bottom panels include different types of gene flow to the same additive model.
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Figure 4. Proportions of islands and valleys observed on the genomic landscape of
divergence under different type of selection, identified by using a hidden Markov model

(100 independent simulations of 1000 generations each). The effect of divergent (left
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column) and parallel selection (right column) was analysed with: (a,b) an additive
genotype phenotype map; (c,d) with addition ofnegative frequency dependent
selection (NFDS); and (e,f) with addition of positive frequency dependent
selection (PFDS). The proportions of islands and valleys were computed for neutral and
selected loci under linked and unlinked conditions. Under models with PFDS for selected
linked and unlinked loci, the proportion of islands and valleys were 0.3% and 0.7% under

divergent selection (panel e), and 3.3% and 0.4% under parallel selection, respectively

(panel f).
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Figure 5. The genomic landscape of divergence with frequency dependent selection
summarised as the average Fst from 100 simulations after: a-b) 100 generations and c-d)
2000 generations. The left-hand panels show divergent selection, and the right-hand
panels, parallel selection. Locus position represented on the x-axis is shaded red for
unlinked loci and yellow for linked loci, with loci under selection (S) that contribute to
phenotypic trait values indicated by region between the vertical dashed lines. The black
lines denote divergence levels under divergent or parallel selection without frequency

dependent selection, for comparison.
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Figure 6. The phenotypic range occupied by individuals from two populations across

2000 generations. The phenotypes are standardised by dividing by the number of additive
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loci (na). The effect of divergent (left column) and parallel selection (right column) are
shown with: (a,b) an additive genotype phenotype map; (c,d) with addition of negative
frequency dependent selection (NFDS); and (e,f) with addition of positive frequency
dependent selection (PFDS). The whiskers represent the minimum and maximum

phenotype, and the bars 25%, 50% and 75% quantiles.

2.8 Supporting Information

Supporting information for:

The effect of divergent and parallel selection
on the genomic landscape of divergence

Hisham A.A. Ali, Tim Coulson, Sonya M. Clegg, Claudio S. Quilodran

Table of Contents:
Figure S1 Page 2
Figure S2 Page 3
Figure S3 Page 4
Figure S4 Page 5
Figure S5 Page 6
Appendix Sl See .R file

76



P
Q
~
—_

O
~

(c)

—
N
|
[e)]
|
N
o
|

—_
N
]

15

10

o
)
|

Dominance strength

¢ 2 : :
Dominance strength
Dominance strength

o
»
-

5 10 15 20 5 10 15 20 5 10 15
Allele Allele Allele

Figure S1. Three explored scenarios of dominance strength. The dominance strength
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additive (b) medium dominance (c) strong dominance. The x-axis shows the 20 possible

alleles on the loci participating in the genotype-phenotype map. The y-axis shows the

hierarchy position for that allele.
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line), and (i1) intermittent periods with gene flow (green line). The migration rate values

are chosen to obtain equivalent number of migrants at the end of the simulations.
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Figure S3. The genomic landscape of divergence with different dominance strengths,
summarised as the average Fst from 100 simulations after: a-b)100 generations and c-d)
2000 generations. The left-hand panels show divergent selection, and the right-hand
panels, parallel selection. Locus position represented on the x-axis is shaded red for

unlinked loci and yellow for linked loci, with loci under selection (S) that contribute to
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phenotypic trait values indicated by region between the vertical dashed lines. The black

lines denote divergence levels under divergent or parallel selection without dominance,

as a basis for comparison with medium and strong dominance (grey and blues lines
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Figure S4. The genomic landscape of divergence with different genotype-environmental
(GxE) interaction strengths, summarised as the average Fst from 100 simulations after:
a-b)100 generations and c-d) 2000 generations. The left-hand panels show divergent
selection, and the right-hand panels, parallel selection. Locus position represented on the
x-axis is shaded red for unlinked loci and yellow for linked loci, with loci under selection
(S) that contribute to phenotypic trait values indicated by region between the vertical
dashed lines. The black lines denote divergence levels under divergent or parallel
selection without GxE, as a basis for comparison with the coloured lines represent

different GXE strength ranging from 5 to 25 G (see Methods).
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Figure S5. The genomic landscape of divergence with different types of gene flow,
summarised as the average Fst from 100 simulations after: a-b)100 generations and c-d)
2000 generations. The left-hand panels show divergent selection, and the right-hand
panels, parallel selection. Locus position represented on the x-axis is shaded red for

unlinked loci and yellow for linked loci, with loci under selection (S) that contribute to
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phenotypic trait values indicated by region between the vertical dashed lines. The black
lines represent a constant level of gene flow and the grey lines represent intermittent gene

flow (see Methods).
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3 o The effect of Dobzhansky-Muller

incompatibilities on the genomic landscape of
divergence under parallel and divergent selection

Abstract

Genomes diverge in a heterogenous fashion, generating the genomic landscape of
divergence. However, understanding how different evolutionary processes shape the
genomic landscape of divergence is challenging. Dobzhansky-Muller incompatibilities
(DMIs) describe the negative epistatic interactions that can arise in an individual when
incompatible parental mutations are combined. There is a body of theoretical and
empirical work that shows these interactions can reinforce population divergence through
selection against hybrids, which may ultimately result in speciation. They may be
particularly effective at causing population divergence when similar (parallel) ecological
selection occurs but may also play a role when divergent selection is operating. However,
under gene flow, the formation of DMIs at neutral loci and loci under parallel selection
is challenging. How Dobzhansky-Muller incompatibilities (DMlIs) contribute to the
genomic landscape concurrently with other evolutionary processes has not been explored.
Using an individual-based framework that includes complex demographic and genetic
interactions, we modelled how DMIs influence the genomic landscape of divergence. We
considered two diverging populations defined by two quantitative phenotypic traits under
three combinations of selection regimes: i) both traits evolving under parallel selection;
i1) both traits evolving under divergent selection; and iii) one trait evolving under parallel

selection and the other under divergent selection. We showed that DMIs allow genetic
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divergence to accumulate despite medium levels of migration between diverging
populations, under simulations of parallel and divergent selection. We also showed that
the effect of selection on the genomic landscape is counterbalanced when both parallel
and divergent selection concurrently affect epistatic interactions. Our results highlight the
influence of DMIs on accumulating divergence with migration, as well as the complex
patterns that could arise on the genomic landscape of divergence under the concurrent
influence of different types of selection.

Keywords: divergence, Dobzhansky-Muller incompatibility, epistasis, genomic

landscape, mutation, natural selection

3.1. Introduction

The genomic landscape of divergence describes the heterogenous pattern of
differentiation across the genome when comparing diverging populations (Gavrilets,
2014; Michel et al., 2010). Initial interpretations of the processes underlying observed
patterns, such as the joint role of selection and drift in producing genomic islands of
divergence, have proved to be oversimplifications (Campbell et al., 2018; Quilodran,
Ruegg, et al., 2020a; Ravinet et al., 2017). Yet empirical and modelling studies have
narrowed down the combinations of circumstances and processes that can produce
particular patterns (Andrello & Manel, 2015; Quilodran, Ruegg, et al., 2020a; Wolf &
Ellegren, 2017). However, the effects of multiple processes on the genomic landscape of
divergence as speciation progresses along a continuum remain to be examined, and one

of these is the influence of Dobzhansky-Muller incompatibilities (DMIs).
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DMIs describe the formation of negative epistatic interactions between alleles that
arise on different genomic backgrounds, that when combined result in decreased hybrid
fitness: a decreased fitness for an individual that inherits DMI mutations from different
lineages (Corbett-Detig et al., 2013). As a consequence, divergence and potentially post-
zygotic reproductive isolation, can be generated by DMIs (Chou et al., 2022; Matute et
al., 2010). DMIs can form under both parallel and divergent selection regimes (Schluter
& Conte, 2009). Under parallel selection, populations face similar ecological conditions,
and similar phenotypes are favoured. Different, but incompatible, mutations that achieve
a similar phenotype can form in each population, resulting in the accumulation of DMIs;
thus, reducing gene flow (Chou et al., 2022), and potentially resulting in mutation order
speciation (Schluter, 2009). However, under gene flow this is challenging, as divergence
is hindered by the movement of beneficial mutations between populations (Schluter,
2009). Under divergent selection, DMIs can accumulate as ecologically divergent
phenotypes are favoured in different environments (Rundle & Nosil, 2005), regardless of
whether gene flow is occurring or not (Schluter, 2009).

Modelling approaches can be used to provide insights into how DMIs influence
the genomic landscape of divergence under parallel and divergent selection. Several
studies have used Fisher’s geometric model to explore the effects of varying epistatic
interactions and the environmental optima on reproductive isolation caused by DMI, in
terms of F1 hybrid fitness (Turelli and Orr, 2000; Fraisse et al., 2016; Simon, Bierne and
Welch, 2018; Yamaguchi and Otto, 2020). Different selection strengths have also been
simulated using Fisher’s geometric model by use of a multi-variate normal distribution
(Waxman and Welcht, 2005; Martin and Lenormand, 2006; Chevin, Decorzent and
Lenormand, 2014; Fraisse et al., 2016). Fisher’s geometric model derives probabilities

for the fitness effect of mutations under different mutational effect sizes, the number of
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traits, and the distance to the fitness optima (Fisher, 1930). Additionally, Fisher’s
geometric model inherently implements epistasis and so can facilitate DMIs (Fraisse et
al., 2016). These studies provide insights into the effect of DMIs on hybrid fitness, but
do not reveal how the genomic landscape of divergence changes during the speciation
process. Furthermore, the effect of parallel versus divergent selection on DMIs has not
been explored.

The genomic landscape of divergence has been modelled in a number of ways.
Early methods used either a single or a few loci with selection defined as a single
parameter (Charlesworth, Nordborg and Charlesworth, 1997; Feder and Nosil, 2009,
2010; Feder et al., 2012; Sedghifar, Brandvain and Ralph, 2016). Larger stretches of
genetic data, up to chromosome-level, have been modelled with coalescence-based
approaches, which are less informative for small non-panmictic populations under
selection compared to large populations without selection (Currat et al., 2015). An
alternative to the coalescent approach is forward-in-time individual-based models (IBMs)
that enable simulation of complex demographic and genetic dynamics that have been
applied to small populations with few loci (Hoban et al., 2012). However, the
computational requirements needed for simulating large chromosomal level genetic data
and large populations using IBMs are now tractable (Currat et al., 2015).

We use the ‘glads’ individual-based framework (Quilodran, Ruegg, et al., 2020a)
to model how DMIs shape the genomic landscape of divergence under different selection
regimes. The glads model is a highly flexible approach that simulates the dynamic
formation of the genomic landscape of divergence, under various evolutionary and
demographic parameters, for genetically defined populations. We also make use of the
approaches developed for Fisher’s geometric model to simulate DMIs (Fisher, 1930).

First, we extend the ‘glads’ fitness function to a modified bivariate normal distribution,
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which allows the simulation of different strengths and types of selection (i.e. parallel or
divergent) on two traits within a simulated individual, instead of a single trait. Second,
we modify the mutation rate parameter to incorporate DMIs into the model, such that
mutations that form are either DMI or non-DMI mutations. Third, we develop an epistatic
map and count-based approach in conjunction with a parameterizable function that
calculates the fitness depression as a consequence of DMIs in hybrids. With these
modifications, we can utilise the glads model to examine their effects on the genomic
landscape of divergence.

The framework for the model is based on an island-colonising silvereye
(Zosterops lateralis) birds that show repeated body size increases (Clegg, Degnan, Moritz,
et al., 2002; Clegg et al., 2008), but divergent bill shape evolution (Clegg, Degnan,
Kikkawa, et al., 2002; Clegg & Phillimore, 2010), consistent with traits under parallel
selection and divergent selection respectively. We parameterise the model using
demographic and genetic information from one well-studied island silvereye population:
Heron Island, Australia. We apply a fitness function to simulate populations with two
traits under selection, applying either parallel or divergent selection to both traits, or
applying parallel selection to one trait and divergent selection to the other, and including

the formation of DMIs to examine their impact on the genomic landscape of divergence.

3.2. Methods

3.2.1 Description of the model

Simulations were performed using a modified version of the Genomic Landscape of

Divergence Simulations (‘glads’) framework developed by Quilodran et al. (2020). This
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is an IBM that simulates the divergence of two or more populations. The purpose of this
approach is to provide insights about the concurrent effect of genetic and demographic
processes on the development of patterns across the genomes of divergent populations.
The individuals within populations have three hierarchical levels: the genotype,
phenotype, and fitness. The genotype is the diploid allelic composition of an individual
across a predefined number of loci, some of which affect the phenotype. Each allele at a
locus that contributes to the phenotype is assigned a breeding value. The individual
phenotype (z) (equation 1) is calculated as the sum of the breeding values (by) for all
selected loci (na) along with a stochastic environmental component (genv). The
environmental component is defined at the population level with a population mean (0)

and standard deviation (Geny).

Z = 2321 bv + genv(o' O-env) (1)

The fitness (w) of an individual is calculated by applying the phenotype to a
modified Gaussian function (equation 2). This function is defined for each population by
the maximum number of generated offspring (bo), the phenotypic optima with the
maximum fitness (b1), and the variance of the phenotypes (b2). Natural selection acting
between populations can be implemented either under parallel selection (where
populations have equal phenotypic optima) or divergent selection (where populations
have different phenotypic optima).

The fitness function also includes a density-dependent component (bs) to prevent
exponential growth of the population size (N). A stochastic demographic component

(edem) With a predefined variance (Gdem) and mean (0) is also included. The model

&9



progresses in discrete steps for each generation, where individuals reproduce sexually at

a rate according to their fitness.

1.4z-bing

w = boe 2 bong

" = BN + Egem(0,0uem) @

The populations are made of genetically defined individuals with a sexual
identity, mutation and recombination rate. The number of mutations per site per
generation for bi-allelic loci are generated using a binomial distribution where the
probability of a mutation is given by the mutation parameter (i). The crossing over points
are drawn using a Poisson process, where the probability of a recombination event is
given by the recombination rate parameter (p). The populations are also assigned
demographic parameters: a between-population migration rate (mj) of sexually mature

individuals, and within-population sex ratios. Further details of the ‘glads’ model are

outlined in Quilodran et al. (2020).

3.2.2 Simulating Dobzhansky-Muller Incompatibilities (DMIs)

New mutations that generate reproductive incompatibilities between populations (i.e.
DMIs) were introduced using the additive fitness function (equation 2). We develop two
ways in which DMIs can arise at both neutral and selected loci in the simulation: i) by a
fixed rate per site or ii) by using an epistatic map. The first method can be used to simulate
the DMI rate of a particular system without knowing the location of the DMlIs. This
method calculates the number of mutations that are DMIs per site per generation using a
binomial distribution, where the probability a mutation will form a DMI in a hybrid

individual is given by pDMI (henceforth referred to as DMI mutations). As a consequence
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of gene flow, individuals can inherit DMI mutations originating from different
populations. DMI mutations within their population of origin do not decrease the fitness,
but through negative epistatic interactions with DMI mutations from other populations,
they decrease the fitness of the individual. In these individuals, the number of DMI
mutations from each parental population (A; and ) are calculated and applied to a user

defined fitness function h(A;,A;), giving the realised fitness (equation 3).

1
w = bye 2

(4—Z—b1na)2
byng — b3N + Edem + h(/lullj))

3)

The second approach facilitates the simulation of precise epistatic interactions
between particular loci, which may be known from empirical data. This approach
implements a user defined epistatic map describing which loci generate negative epistatic
incompatibilities. The epistatic map is defined by a two-dimensional array, with each
dimension representing a population, and each row and column representing a locus.
Note, this approach can be extended to more than two populations, with the addition of a
dimension to the array for each additional population. Like the previous approach,
negative epistatic interactions only form between DMI mutations with different
population origins. Therefore, by comparing DMI mutation positions to this array, the
number of negative epistatic interactions for each individual (A) is calculated and applied
to the user defined fitness function h(\), giving the realised fitness (equation 4). In this
study, we are primarily interested in the general effects of DMIs on the genomic
landscape, rather than for a specific epistatic map, but we provide an example of the

epistatic map approach in the supplementary material (see Appendix S1).
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For the custom function /() in equations 3 and 4, a negative function has to be
defined to simulate negative epistatic interactions. If the custom term generates a negative
realised fitness (o < 0 ), then the realised fitness of the individual is simulated as 0. A
positive function can also be provided to simulate the effects of positive epistatic
interactions between mutations.

By using a negative custom function for %(), as described in the approach of
Turelli & Orr (2000), we were able to model the intermediate effects of mildly deleterious
DMLIs, in contrast to the extremes of positive epistatic interactions where the hybrids were
fitter than parental genotypes, or negative epistatic interactions that severely decreased
the fitness (Simon et al., 2018). By simulating recombination, DMI mutations can
independently assort between generations, in contrast to the fixed DMI transmission rate
between parents and offspring of 50% (Chevin et al., 2014; Yamaguchi & Otto, 2020),
thus simulating the stochastic aspect of the inheritance of DMI mutations between

generations.

3.2.3 Multi-trait model

In order to model two traits within each individual, we adapted the fitness function
(equation 3 & 4) to a bivariate normal distribution. The fitness for each individual (we,p)
was calculated using the additive phenotype of each trait, a and § in equation 5. The trait

phenotypes were calculated by applying equation 1 to only the loci associated with that
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trait; whereby n, and np denoted the number of loci associated with each trait. Each
population was also separately assigned parameters for each trait: first, by assigning the
phenotypic optima (b;4, b1p) and variance (b2q4, b2p) for each trait, a normal distribution is
described for each population; second, by specifying the correlation between the two
traits by P€ [-1,1]. The effect of DMIs (by using the custom function /() described in

either equation 3 or 4) was applied as a 4™ term to the fitness function (equation 5).

1
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3.2.4 Initialisation of the model

The model parameterisation was based on estimations from a silvereye (Zosterops
lateralis) population on Heron Island, Australia. Each population was set to simulate 400
individuals with a 50:50 sex ratio for each simulated population, mirroring the breeding
population size and sex ratio of Heron Island silvereyes (Kikkawa & Wilson, 1983). All
simulations were run for 1000 generations, based on a Heron Island silvereye population
age of three to four thousand years (length of time the island has been vegetated) and a
generation time of three years (Clegg et al., 2008; Sendell-Price et al., 2020). Using the
multi-trait fitness function (equation 5), 50 different additive loci were simulated for each
of the two uncorrelated traits (P = 0). The remaining 200 loci did not contribute to the
additive phenotype, simulating the effects of drift and recombination under neutral
evolution. The allele frequency at each biallelic locus in the simulated populations were

parameterised using restriction site-associated DNA sequencing (RAD-seq) data for the
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approximately 11.3 Mbp chromosome 17 (Anderson et al., 2019). The sequence data was
adapted for use in the ‘glads’ model by using the geno2glads function (see Appendix S1).
This function generates a population of genetically defined individuals, where the
frequency of heterozygotes at each locus in the simulated population is equal to the
frequency of heterozygotes at each corresponding locus in the empirical sequence data.
For the simulations, we used a migration rate of either 0.0001 or 0.01. These rates
were based on empirical data for the silvereye population on Heron Island. The higher
rate (henceforth referred to as the medium migration rate) was based on the empirical
upper estimate of the migration rate of silvereyes between Heron Island and neighbouring
islands that harbour the same subspecies (Brook and Kikkawa, 1998; Sendell-Price et al.,
2020). To approximate the lower rate of migration between Heron island and the
mainland, this upper estimate was reduced by two orders of magnitude (henceforth
referred to as the low migration rate) (Sendell-Price et al., 2020). Recombination points
were calculated using the ‘glads’ average method at a rate of 6 cM/Mb. This rate was
based on the recombination rate of the collared flycatcher (Ficedula albicollis)
(Kawakami et al., 2014). We simulated DMI mutations using a probability approach
(pDMI = 0.8) under medium and low migration rates, to explore the effects of DMIs on
the landscape of divergence under different levels of migration. Under the medium
migration model, we also simulated a lower DMI probability pDMI = 0.2, to explore the
effects of DMI probability on the landscape of divergence. To accommodate the
formation of 3 DMI mutations across 10% of the population per generation, when a DMI
rate of pDMI = 0.8 was simulated, an adjusted mutation rate of 6.25 x 10 mutations per
locus per generation was used. We also simulated a threshold approach, where if the
number of DMIs exceeded or was equal to the threshold, the individual was sterile

(Turelli & Orr, 2000; Yamaguchi & Iwasa, 2017). For the DMI probability approach, we
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used the custom negative function h(4;4;) = -2min(4;,4;), so that for our threshold of 3
DMIs, A(3) was equal to bo. In that case, under equation 5, the fitness of an individual
with 3 DMI mutations would be 0 (wsg = €/0,6] - 6), and the individual would be sterile,
and so would not contribute genetically to the following generation (representing post-
zygotic reproductive isolation).

A conservative estimate of six was used for the maximum fitness (bo): this was
calculated by multiplying the 3-year generation time of the majority of the population
with the average number of fledglings per clutch (1.9), which was then rounded to the
nearest whole integer (non-breeding individuals were not considered) (Clegg et al., 2008;
Kikkawa & Wilson, 1983). A density dependence strength (bs) of 0.006 was used to

maintain the population size at 400 individuals (Kikkawa & Wilson, 1983).

3.2.5 Simulations

We simulated the effects of different selection regimes on the genomic landscape of
divergence. Three selection regimes were simulated using the multi-trait model: 1)
divergent selection for both traits, ii) parallel selection for both traits, and iii) parallel
selection for trait 1 and divergent selection for trait 2. Furthermore, each model was run
with and without DMIs. Each simulation was repeated 100 times, and in each replicate
the starting genetic identity of individuals varied. While the allele frequencies were the
same between the replicates, changing the “seed.number” in each geno2glads replicate
varied which individuals were heterozygous for different loci in the population. We
performed paired t-tests, for simulations with (pDMI = 0.8) and without DMIs to compare
the population sizes for the 100 independent simulations of divergent and parallel

selection.
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The fixation index (Fst) (Weir and Cockerham, 1984) was measured every 100
generations for each single nucleotide polymorphism (SNP) to quantify the genomic
landscape of divergence. The simulations were performed at the University of Geneva on
the “Yggdrasil” HPC cluster. Fst calculations and ‘glads’ simulations, including
population matrix generation with geno2glads, were carried out on the cluster using R
software v3.61 (R Core Team, 2019). Fst was calculated using the R package ‘pegas’
(Paradis, 2010). Whether a mutation was a DMI or non-DMI mutation (i.e. whether it
generated epistatic interaction) did not influence Fst calculations.

A Hidden Markov Model (HMM) was applied to the Fst output of the simulated
models to observe the effects of different DMI mutation rates and selection regimes.
Equal numbers of three different types of loci (neutral, trait 1, and trait 2 coding loci)
were selected to standardize the HMM. The HMM was used to distinguish three hidden
states: 1) background levels of differentiation; ii) genomic islands; and iii) genomic
valleys. This HMM analysis was computed following the approach of Marques et al.
(2016) using the ‘HiddenMarkov’ R package (Harte, 2017). The parameter with the
highest likelihood was calculated from 1000 random initial parameter values using the
Baum-Welch algorithm. Subsequently, the Viterbi algorithm was applied to these
parameters to find the highest probability sequence of states across the simulated loci.
Significance for these calculated states was calculated by 10,000 random permutations of

genomic islands and valleys across the simulated loci (Quilodran, Ruegg, et al., 2020a).
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3.3. Results

3.3.1 Effects of DMIs on the genomic landscape of divergence

The average Fst of 100 independent simulations showed a positive relationship between
the probability of a DMI mutation arising (pDMI) and divergence level after 1000
generations (Fig. 1,2). Across the three selection regimes (i.e. divergent selection for both
traits; parallel selection for both traits; and parallel selection for trait 1 and divergent
selection for trait 2) the divergence level was similar for neutral and selected loci when
DMI mutations were set to zero (Fig. 1, 2). When DMI mutations were implemented ,
Fst was slightly higher for selected loci than neutral loci (Fig. 1,2). For simulations that
included DMI mutations (pDMI=0.8), the population size was significantly larger for
simulations conducted with divergent selection on the two traits (M=58.95, SD= 5.78)
than simulations conducted with parallel selection on the two traits (M= 44.27, SD=
5.85); paired t-test: t(26)= 10.57, p= 6.59*107!!.

The Hidden Markov Model analysis showed that both genomic islands and valleys
formed across the 100 independent simulations, irrespective of the selection regime and
locus type (neutral loci and selected loci for traits 1 and 2) (Fig. 3). A higher proportion
of genomic islands formed at selected loci (trait 1 and 2) with DMIs than at selected loci
without DMIs, a difference that increased as pDMI was raised (Fig. 3). When including
DMIs, the three selection regimes showed a similar percentage of genomic islands for
both traits, and a higher percentage of islands compared to neutral loci, particularly when
DMI mutations were highly likely to form (pDMI=0.08) (Fig. 3d-i). When DMI
mutations were set to zero, a similar number of genomic islands emerged for both traits

and neutral loci (Fig. 3a-c). The percentage of genomic valleys were similar for neutral
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and selected loci when DMI mutations were set to zero, and where they were allocated a
lower probability of forming (Fig. 3a-f). However, when the probability of DMI
mutations forming was set to a high value, the genomic valleys formed more frequently

at neutral loci than selected loci (Fig. 3g-1).

3.3.2 Effect of the selection regime on both simulated traits

While little variation was observed between different locus types within a selection
regime, the average divergence was relatively higher when both traits were under parallel
selection, compared to when both traits were under divergent selection (Fig. 1a-b,2a-b).
Intermediate levels of divergence were observed when one trait was under parallel
selection and the other trait was under divergent selection. For simulations without DMIs,
a paired t-test indicated that population size was significantly larger for simulations under
divergent selection (M= 65.74, SD= 8.63) than simulations under parallel selection
(M=51.44 , SD= 6.96) ; t(99)= 13.63, p <2.2*10°16.

HMM analysis showed little variation across the different selection regimes after
1000 generations (Fig. 3). Across all three locus types, similar percentages of island and
valley formation were observed between loci of the same type under different selection
regimes (Fig. 3). Comparisons between trait 1 and trait 2 for all three selection regimes

did not show a consistent pattern in island and valley frequency (Fig. 3).

3.3.3 Effect of migration on the genomic landscape

We showed that migration rate influenced the overall level of divergence (Fig. 2,S1).
After 1000 generations with a medium migration rate (m;; = 0.01) in the absence of DMIs,
genomic islands were not observed across the average landscape of divergence of the 100

independent simulations (Fig. 2). However, as shown by the HMM, islands and valleys
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were evenly distributed across the genomic landscape over the 100 independent
simulations (Fig. 3). Under a lower migration rate (m; = 0.0001), across the average
landscape of divergence of the 100 independent simulations, genomic islands were
observed at selected loci for simulations without DMIs (Fig. S1). This was reflected by
the HMM, which showed that the majority of islands formed at selected loci, while
valleys were evenly distributed among selected and neutral loci (Fig. S2).

Under a low migration rate, simulations without DMIs showed a similar level of
divergence to simulations with a high DMI probability under a medium migration rate
(Fig. 2,S1). Furthermore, the application of a high DMI probability did not influence the

landscape of divergence under a low migration rate (Fig. S1,S3).

3.4. Discussion

We extended an IBM approach to explore how DMlIs, with and without gene flow,
influence the genomic landscape of divergence under parallel and divergent selection.
Using parameters and data based on empirical data from an island-colonising bird
population (Sendell-Price et al., 2020), we show that DMIs at neutral loci and loci under
parallel or divergent selection are able to generate divergence, despite gene flow. By
adding an additional layer of complexity when analysing two traits concurrently affected
by similar (both parallel or both divergent selection) or different selection regimes (one
trait divergent and the other parallel selection), we highlight that incorporating different
levels of complexity is key in explaining the formation of specific patterns in the genomic

landscape of divergence, as also shown by Ali et al. (2023) (Chapter 2).
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3.4.1 DMIs influence the level of divergence between populations

Our model provides insights into the interlinked processes of DMI accumulation, gene
flow and the level of genomic divergence between diverging populations. In our model,
we observed that DMIs can lead to genomic divergence despite medium levels of
migration, for both parallel and divergent selection. While the formation of DMIs under
divergent selection has been theorised, the formation of DMIs under parallel selection
with gene flow is challenging (Schluter, 2009). Under parallel selection, mutations are
adapted globally i.e. adapted to both populations (in contrast to locally with divergent
selection). Thus, the globally adapted mutations, that generate negative epistatic
interactions, are removed by selection (Schluter, 2009). On the other hand, locally
adapted mutations are maintained, due to divergent selection generating a barrier to gene
flow (Rundle & Nosil, 2005). Our simulations of divergent selection with gene flow
reflect this with the observed increase in Fsr with divergent selection. Thus, our
simulations add to the body of empirical studies highlighting DMIs can elevate
divergence under divergent selection with gene flow (Anderson & Harmon, 2014; Bank
et al., 2012; Blanckaert & Hermisson, 2018). While DMI-mediated divergence is
challenging under parallel selection with gene flow, under certain conditions it can
persist. As demonstrated by Nosil & Flaxman (2011), if the DMIs have a similar fitness
(as with parallel selection), divergence can occur with medium levels of gene flow;
although, a caveat of low gene flow is necessary, in the case of the fixation of a DMI
allele. In this case, the frequency of the allele across the populations dictates the limit of
gene flow (Hollinger & Hermisson, 2017; Nosil & Flaxman, 2011). In our simulations,
we develop the aforementioned studies of DMI formation by simulating multiple loci
additively, in contrast to either Fisher’s geometric model-based approaches or simulations

of a few loci. Therefore, the fixation of alleles is less frequent, as multiple routes exist to
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a phenotypic optima in the glads model (Ali et al., 2023). At these polymorphic sites,
DMIs may form facilitating divergence, under parallel selection with gene flow. By using
the glads model, we also support the findings of Anderson & Harmon (2014), who
provide evidence for reproductive isolation with DMIs under gene flow (under parallel
and divergent selection), although we also demonstrate this in a model mimicking
biological systems (with the potential for parameterisation to a specific biological
system).

A key difference between our approach and the commonly used Fisher’s
geometric model (Fraisse et al., 2016; Orr, 2005; Yamaguchi & Otto, 2020), is that we
simulated DMIs at neutral loci as well as loci under selection. Additionally, the basis of
Fisher’s geometric model is to explore how the number of traits affects the fitness of an
individual in contrast to the genomic landscape. Thus, these models do not easily facilitate
simulating heterogenous combinations of microevolutionary processes and their effect on
the genomic landscape. Under gene flow, DMIs have been theorised to fail to form at
neutral loci (Coyne & Orr, 2004a). This is because the mutation may be neutral in its
population of origin, but in a different genetic environment it is subjected to negative
epistatic interactions, and thus is purged by selection (Bank et al., 2012). As discussed
above, this is predicated on the gene flow limit being dependent on allele frequency (i.e.
in the case of allele fixation, the gene flow rate must negligible) (Nosil & Flaxman, 2011).
In our simulation, the formation of DMIs and allele frequency of neutral alleles is
stochastic and thus at polymorphic neutral loci, DMIs can exist, despite medium levels
of gene flow. As discussed above, DMIs under parallel selection and at neutral loci may
be maintained under medium levels of gene flow (Nosil & Flaxman, 2011). In our model,
the medium migration rate we simulate is the upper limit of medium gene flow under the

parameter definition of Nosil & Flaxman (2011). Additionally, in our simulations we
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simulate migration rate, which is likely to be higher than the gene flow rate, as not all
migrant individuals will breed. Thus, our simulations fall into the parameter space
suggested to facilitate divergence by DMI at neutral loci and loci under parallel selection

(Nosil & Flaxman, 2011).

3.4.2 The level of divergence could be counterbalanced with the concurrent effect of

different types of selection

The different level of divergence observed for parallel and divergent could be explained
by the smaller population sizes reached under parallel selection, in which differentiation
between populations accumulates faster (Relethford, 1991). In our simulations, when the
traits were under parallel selection, migrant individuals were adapted globally, and could
perform better in the new population than when migrants were locally adapted i.e. when
the traits were under divergent selection. However, the opposite pattern was possible in
some of the independent simulation, and in simulations without migration (Quilodrén,
Ruegg, et al., 2020a).

In this study, our simulations highlight the complexity of predicting the genomic
landscape of divergence, as the concurrent effects of selection on different traits
influences the genomic landscape. For instance, divergent selection typically generates
genomic valleys, but with the concurrent occurrence of positive frequency dependent
selection, genomic islands form (Ali et al., 2023). As simulated in this study, different
types of selection, such as divergent and parallel selection, can occur concurrently in a
population on different traits (Langerhans & Riesch, 2013). This highlights the need for
caution when interpreting patterns in the genomic landscape, as divergence levels may be
reduced (as shown here) or the reverse pattern generated, as a consequence of additional

layers of complexity.
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3.5. Conclusion

We developed a modelling approach to explore the concurrent effect of both parallel
selection and divergent selection on multiple traits, which provides insights into how
divergence and reproductive isolation form. By exploring the interplay between gene
flow, population size, type of selection, and genetic structure of two traits on the genomic
landscape of divergence from independent simulations, we show that 1) under gene flow,
divergence can be facilitated by DMIs occurring at neutral loci and loci under parallel or
divergent selection, and 2) that variable outputs may be expected when different layers
of complexity are concurrently analysed. While DMIs provide a mechanism for the
generation and maintenance of divergence under medium levels of migration, the
divergence along the genome is influenced by the different evolutionary processes
concurrently affecting a given biological system. Our results also support previous
research highlighting that caution is recommended in inferring the causal evolutionary
processes of genomic landscapes in empirical studies (Ali et al., 2023; Funk et al., 2021;
Quilodran, Ruegg, et al., 2020a). Our quantitative framework is useful for studying how
DMIs move through populations over time under the influence of different evolutionary
processes, including stochasticity and selection on multiple traits. Methods such as
approximate Bayesian computation and machine learning, can be used to generate
summary statistics across a range of different parameters. From these summary statistics,
parameters can be accepted and rejected in accordance with the observed empirical data
(GCsilléry et al., 2010). Thus, the range of potential drivers that generate the empirically

observed genomic landscape for a particular taxon can potentially be narrowed.
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Figure 1. Mean Fsr histogram for the neutral and selected loci. The Fsr values were
computed after 1000 generations for 100 independent simulations under a medium
migration rate (mj = 0.01). The boxes represent the minimum and maximum range, and
the bar represents the median. Three different DMI probabilities are compared (pDMI=
0 & 0.8 & 0.2) under three different selection regimes: (a) both selected traits are under
divergent selection; (b) both selected traits are under parallel selection; (c) trait 1 is under

parallel selection and trait 2 is under diverget selection.
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Figure 2. The genomic landscape of divergence between two populations. The landscape
is illustrated by the average Fst from 100 simulations after 1000 generations under a
medium migration rate (m;; = 0.01). Vertical dashed black lines represent loci contributing
to trait 1 and vertical dashed green lines those for trait 2. Three DMI mutation
probabilities (pDMI) are compared where (a) both traits are under divergent selection
(DS); (b) both traits are under parallel selection (PS); and (c) trait 1 is under parallel

selection and trait 2 is under divergent selection.
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Figure 3. Proportion of genomic islands and valleys observed using the Hidden Markov
Model. The proportions are observed for 100 simulations of 1000 generations each, and
a medium migration rate (mjj = 0.01). The proportions are calculated for three different
DMI probabilities (pDMI= 0 & 0.2 & 0.8) and under three different selection regimes:
(left column) both selected traits are under divergent selection; (middle column) both
selected traits are under parallel selection; (right column) trait 1 is under parallel selection

and trait 2 is under divergent selection.
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Figure S1. The genomic landscape of divergence between two populations. The
landscape is illustrated by the average Fst from 100 simulations after 1000 generations
under a low migration rate (m; = 0.0001). Vertical dashed black lines represent loci
contributing to trait 1 and vertical dashed green lines those for trait 2. Two DMI mutation
probabilities (pDMI) are compared where (a) both traits are under divergent selection
(DS); (b) both traits are under parallel selection (PS); and (c) trait 1 is under parallel

selection and trait 2 is under divergent selection.
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Figure S2. Proportion of genomic islands and valleys observed using the Hidden Markov
Model. The proportions are observed for 100 simulations of 1000 generations each, and
a low migration rate (m;; = 0.0001). The proportions are calculated for two different DMI
probabilities (pDMI= 0 & 0.8) and under three different selection regimes: (left column)
both selected traits are under divergent selection; (middle column) both selected traits
are under parallel selection; (right column) trait 1 is under parallel selection and trait 2 is

under divergent selection.
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Figure S3. Mean Fsr histogram for the neutral and selected loci. The Fsr values were
computed after 1000 generations for 100 independent simulations at a low migration rate
(mj; = 0.0001). The boxes represent the minimum and maximum range, and the bar
represents the median. Two different DMI probabilities are compared (pDMI= 0 & 0.8)
under three different selection regimes: (a) both selected traits are under divergent
selection; (b) both selected traits are under parallel selection; (c) trait 1 is under parallel

selection and trait 2 is under diverget selection.
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4 o Effects of selection and gene flow barriers
on the genomic landscape of introgression

Abstract

Many species hybridise with a closely related species, and with advances in genomic
sequencing, we now know that it is far more common than previously thought.
Hybridisation often results in a heterogenous genomic landscape of introgression, which
is characterised by regions of high and low levels of DNA transferred across the genomes
of divergent lineages. A key question is how different evolutionary processes shape the
genomic landscape of introgression, such as selection generating adaptive and
maladaptive introgression. Here, we extend an individual-based model to understand the
formation of heterogeneous genomic landscapes of introgression and examine the
concurrent effects of a gene flow barrier in hybrids, selection, genes of large effect,
recombination, and drift. While independent replicates with the same settings show
considerable variation in levels of introgression after 2000 number of generations, our
results showed that introgression under positive and negative selection is frequently
associated with elevated and reduced rates of introgression, respectively. We also show
that these elevated and reduced levels of introgression are amplified when we simulate
hybrids with a gene flow barrier, e.g. the simulation of Haldane’s rule, where hybrids of
the heterogametic sex have a lower fitness than the homogametic sex. We highlight that
the expected effect on the genomic landscape of introgression of a single evolutionary
process considered in isolation may be different from that expected when evolutionary

processes interact. Our framework provides insight into how different evolutionary
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processes shape the genomic landscape of introgression, and offers the opportunity to
narrow down the range of processes that underlie empirical patterns.
Keywords: adaptive introgression, genomic landscape of introgression, glads model,

Haldane’s rule, hybridisation barriers, recombination, selection
, Iy

4.1. Introduction

Hybridisation is more common than previously thought, with at least 10% of mammals
and 25% of plants currently hybridising with a closely related species (Mallet, 2005).
Hybridisation can influence evolution in different ways, ranging from species
differentiation to species fusion (Seehausen, 2004). While hybridisation is recognized as
playing a major role in evolution, the consequences on particular evolutionary trajectories
is poorly understood, especially concerning the genomic regions influenced by
hybridisation and adaptive introgression (Adavoudi & Pilot, 2022; Edelman & Mallet,
2021).

Introgression describes the transfer of DNA between genetically distinct lineages
(i.e., subspecies and species) as a consequence of hybridisation. An introgressed allele is
considered adaptive when it has a beneficial effect on fitness; and maladaptive when it
has a fitness disadvantage. While the vast majority of introgression events are
maladaptive (Veller et al., 2023), there are various examples of adaptive introgression
that include insecticide resistance in Anopheles mosquitos and seasonal camouflage in
Lepus hares (Jones et al., 2018; Norris et al., 2015; Taylor & Larson, 2019). However,
adaptive introgression is difficult to empirically demonstrate, as the majority of well

understood examples come from single large effect loci that either have a clear adaptive
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function or arise from recent introgression events (Taylor & Larson, 2019). In contrast to
focusing on simple traits that are known to be adaptive, more recently studies have taken
to identifying the relationship between evolutionary processes and genome-wide
introgression patterns to help identify adaptive introgression (S. H. Martin & Jiggins,
2017).

The genomic landscape of introgression (GLI) describes the heterogenous
variation in introgression levels across the genomes. It has two main topographic features:
islands and valleys, which refer to areas of high and low levels of introgression relative
to the background level of introgression, respectively. However, interpreting the effects
of evolutionary processes on the GLI is challenging, as the effect of an evolutionary
process can change with the concurrent influence of another evolutionary process, as well
as with the architecture of genomes (Duranton & Pool, 2022). For example, under
negative selection, introgression levels typically positively correlate with recombination
rates (Ravinet et al., 2018), while under positive selection a negative correlation is
typically observed (Duranton & Pool, 2022). These correlations can be reversed under
different evolutionary circumstances, such as particular Dobzhansky Muller
incompatibility dominance hierarchies (different fitness impacts of a Dobzhansky Muller
incompatibility), or when both populations experience substantial genetic load, in which
case introgression levels could negatively correlate with recombination under negative
selection (Duranton & Pool, 2022). Furthermore, levels of introgression can be reduced
in the heterogametic sex as a consequence of its reduced fitness (Haldane’s rule) and
increased action of Dobzhansky Muller incompatibilities (Ottenburghs, 2022). The sex
chromosome of the heterogametic sex of a species also has a lower effective population
size, thereby exposing it to larger effects of drift (which negatively correlates with levels

of introgression) (Ottenburghs, 2022).
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Modelling approaches have been used to explore the effect of different
evolutionary processes on the genomic landscape of divergence, the heterogenous
distribution of differentiation between diverging lineages, and can be used as a base for
developing models to study the GLI. The various approaches have provided insights into
the effect of recombination on negative selection purging deleterious alleles, although
these approaches were limited to small numbers of loci (Barton & Bengtsson, 1986;
Barton, 1983). More recently, modelling approaches have been able to simulate genomic
data (Haller et al., 2019; Haller & Messer, 2019), focused on the effects of selection and
recombination (Dagilis & Matute, 2023; Duranton & Pool, 2022; B. Y. Kim et al., 2018;
Veller et al., 2023). However, these approaches are often limited to uniform distributions
of loci, providing limited insights into the effects of selection on small populations. Here,
we extended the “glads” (genomic landscape of divergence simulations) individual-based
model (Quilodran, Ruegg, et al., 2020b), expanding on the effects of positive and negative
selection and variable genomic architectures (including non-uniform distributions of loci)
on the GLI. We made use of the flexible fitness function of this forward-in-time models
to explore the effects of selection i.e., positive, negative, and equivalent (where the fitness
of the selected loci in both populations is the same) introgression, and their interaction
with other evolutionary processes. Additionally, we implemented a non-recombining sex
chromosome and a sex-specific reduced hybrid gene flow barrier, to simulate i) Haldane’s
rule, where only the fitness of the heterogametic sex is reduced; and ii) a gene flow barrier
for hybrids, where the fitness of both sexes is reduced. Our aim is to better understand
the formation of the heterogenous GLI, providing a framework for exploring the patterns

that may emerge with particular combinations of evolutionary processes.
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4.2. Methods

4.2.1 Description of the model

Simulations were performed using the individual-based modelling framework
‘glads’(Genomic Landscape of Divergence Simulations) (Quilodran, Ruegg, et al.,
2020b). The purpose of this approach is to model the impact of different evolutionary
processes on the genomic landscape of divergence for two diverging lineages. Our
motivation was to adapt this framework to examine how different evolutionary processes
impact the GLI.

This approach simulates the divergence of two or more populations (diverging
lineages) across three hierarchical levels: genotypes, phenotypic traits and demographic
rates. This means that the population dynamics and distribution of genotypes and
phenotypic traits are emerging properties of the model. Two lineages composed of
genetically and sexually defined diploid individuals were simulated. The alleles at each
locus under selection (n,) contribute breeding values (by) additively alongside a stochastic

environmental component (&eny) to give the phenotype (z) of the individual (eq.1).

Z = 2321 bv + genv(o' O-env) (1)

The fitness (w) describes the potential reproductive output of the individual, and is
calculated by applying the phenotype of that individual to a modified Gaussian function
(eq.2). This function is parameterised by a maximum fitness (bo), which is achieved when
an individual has the optimal phenotype (b1), and the variance of the Gaussian curve (b2).

By setting different values of bi between the populations (or lineages), divergent selection
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can be simulated as the fitness of a phenotype differs between them. Similarly, parallel
selection is introduced by setting the same value of b; in both populations. The fitness
function is also additively regulated by a density dependence factor (bs) that acts on the
population size (N) to avoid exponential growth, as well as a stochastic demographic
factor (€dem).

1.4z-bing

w = boe 2 bong

" = BN + Egem(0,0uem) @
As the model proceeds in discrete time steps (t), representing generations, breeding pairs
form regulated by the number of females. During reproduction, recombination points are
determined between the parents using the recombination map parameter, a vector of
recombination rates between adjacent loci (p), where p = 0.5 represents independent
assortment between neighbouring loci , a value of p < 0.5 represents linkage, and a value
of p = 0 represents no recombination. New mutations are incorporated at a given rate per
generation (pt). The sex of the offspring is assigned by a within-population sex ratio. The
new generation of offspring have the potential to migrate at the rate given by the
migration rate parameter (m;;), which is the probability of a sexually mature individual
moving between the populations i and j. The model is implemented in R using the ‘glads’

package, further details of which can be found in Quilodran et al. (2020).

4.2.2 Selection on introgressed loci

We simulated two populations, each representing a diverging lineage, between which we
measured the level of introgression. Each of these lineages were fixed for an alternate

allele; so, by simulating uni-directional migration from the donor to the recipient

128



population, the proportion of introgression could be calculated by measuring the donor
allele frequency in the recipient population. For each lineage, the breeding values for the
alleles were drawn from a Gaussian distribution, and by varying the mean of this
distribution, we simulated introgression under three scenarios: i) equivalent introgression,
il) positive introgression, and iii) negative introgression. To simulate equivalent
introgression, the breeding values for both lineages were drawn using the optimal
breeding value (bi/2) as the mean (i.e., under the additive fitness function will form the
maximum fitness). Here, the term equivalent introgression is used over neutral
introgression, because the populations are still under selection; although, the selection
pressure is the same for the two lineages. To simulate positive and negative introgression,
the breeding values of the two lineages were drawn from different distributions. One
lineage was drawn from a distribution with a mean of bi/2 (the optimal breeding value).
The other lineage was drawn from a distribution with a mean of b1/2 + &y, with 9y defining
the deviation from the optimal breeding value. Here, this deviation (dy) indicates how
much lower the fitness is for the lineage. Thus, for positive introgression, the former
distribution was used for the fitter donor population, while the latter was used for the less
fit recipient population. The reverse was simulated for negative introgression, where the
latter sub-optimal distribution was used for the donor population, and the former optimal

distribution was used for the recipient population.

4.2.3 Genes of large effect

To simulate genes of large effect, we weighted the alleles of loci under selection. This
was simulated by multiplying the alleles of each selected locus by a relative weight, the
sum of which was 1. Genes of large effect were simulated to have a larger than average

contribution to the additive phenotype. Therefore, a gene of large effect was any selected
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allele where the breeding value was multiplied by a weight greater than the average
weight of a selected allele (1/na). We then varied the frequency of simulated genes of
large effect across different parts of the simulated genome (i.e. the number of genes of
large effect compared to non-large effect selected loci). Thus, genes of large effect at a
high-frequency referred to 30-loci regions that were simulated with 25 genes of large
effect and 5 non-large effect genes (Fig. 1). While genes of large effect at a low-frequency

referred to 30-loci regions with 5 genes of large effect and 25 non-large effect genes (Fig.

).

4.2.4 Varying the fitness of hybrids

We included a sex chromosome region with the same size and recombination rate in all
individuals. The sex identity of offspring was defined by the sex ratio parameter included
in the original glads model. However, the sex-specific interactions were based on the
inherited copy of the sex chromosome. We introduced the option of modelling sex-
specific heterosis and outbreeding depression, where the fitness of a hybrid was
respectively higher or lower than the additive fitness. Using a non-recombining sex
chromosome region to define if an individual is a hybrid (i.e. when the two sex
chromosome haplotypes are from different lineages), we implemented a hybrid-fitness
parameter (H) which modified the fitness of hybrids on a sex-specific basis. For each
hybrid individual, the product of the fitness (w) (calculated using eq.2) and the parameter
value for that sex gives the modified fitness. For this parameter, a value of 1 denotes a
hybrid with a fitness equal to that given by eq. 2 (i.e., the additive fitness), a value of less
than 1 denotes a hybrid with a fitness less than that given by eq. 2 (i.e., inbreeding
depression), and a value of greater than 1 denotes a hybrid with a fitness greater than that

given by eq. 2 (i.e., heterosis).
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4.2.5 Initialisation

The simulations implemented in ‘glads’ consisted of two diploid populations of 400
individuals with 350 bi-allelic loci, and a 50:50 sex ratio for both lineages. Of the
simulated loci, 200 loci contributed to the phenotype additively. Out of the 200 selected
loci, 60 loci were simulated as genes of large effect and explained 60% of the additive
phenotype, and the remaining genes of regular effect explained 40% of the additive
phenotype. These loci were unevenly distributed across 4 regions of 30 loci with varying
linkage and frequency of genes of large effect: 1) linkage with 25 genes of large effect
and 5 genes of regular effect (high frequency), ii) linkage with 5 genes of large effect and
25 genes of regular effect (low frequency), iii) unlinked with 25 genes of large effect and
5 genes of regular effect, and iv) unlinked with 5 genes of large effect and 25 genes of
regular effect (Fig. 1). The remaining 150 loci were considered to be neutral. Details of
the parameters for the simulations can be found in Table 1.

Three different recombination rates were simulated: 1) linked loci (150 loci, p =
0.001), i1) unlinked loci (150 loci, p = 0.5), and iii) a non-recombining sex chromosome
region (50 loci, p = 0) (Fig. 1). A uni-directional migration (m;jj = 5 x 10*#) rate was used
in order to prevent an individual migrating and then migrating back to its population of
origin. Mutation was not included in the simulations.

For our simulations of positive and negative introgression, a fitness difference
(o) of 0.4 was applied to the breeding values of the two lineages. The breeding values of
both lineages were drawn from a Gaussian distribution with a variance (oby) of 0.15. To
maintain population size of approximately 400 individuals, a maximum fitness (bo) of 4

and density dependence (bs) of 0.005 or 0.004 was used (Table 1).
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Using a non-recombining sex chromosome and the hybrid-fitness parameter, we
simulated three different hybrid scenarios (i.e., when the two sex chromosome haplotypes
were from different populations): 1) Haldane’s rule, where the fitness of hybrid
individuals for the heterogametic sex was 40% of the fitness given by eq.2; ii) a full gene
flow barrier, where the fitness of hybrid individuals for both sexes was 40% of the fitness
given by eq.2; iii) no decrease in hybrid fitness, where the fitness of hybrids for the non-

recombining sex chromosome was equal to the fitness given by eq. 2 (Table 1).

4.2.6 Evaluation

Over the course of the simulation, the GLI was recorded in the recipient population. The
level of introgression for each locus was calculated as the proportion of donor alleles in
the recipient lineage at that locus. A Hidden Markov model (HMM) was used to
characterise the GLI. The HMM identified three hidden states: (i) background levels of
introgression; (ii) islands of introgression; (iii) valleys of introgression. We simulated
eight types of loci: genes of large effect at a high frequency, genes of large effect at a low
frequency, genes of regular effect (i.e. non-large effect selected loci), and neutral loci, for
linked and unlinked regions. 30 loci were sampled from each of these regions to
standardise the HMM, allowing a comparison of landscapes across the different regions.
The HMM was simulated using the approach of Marques et al. (2016) in the
‘HiddenMarkov’ R package (Harte, 2017). For the HMM, a Baum-Welch algorithm was
used with 1000 randomly chosen initial parameters to identify the highest likelihood
parameter. The Viterbi algorithm then used the highest likelihood parameter to determine
the most likely order of states of the landscape of introgression across the simulated loci.
Lastly, the significance of the states was calculated by permuting the islands and valleys

of introgression 10,000 times across the simulated loci (Quilodran, Ruegg, et al., 2020b).
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4.2.7 Simulation

Our simulations were designed to elucidate how the concurrent interactions of different
evolutionary processes influenced the GLI. Our simulations explore the effects of
selection, genes of large effect, and hybrid fitness, on the GLI alongside drift and
recombination. In this study, we simulated positive, negative, and equivalent
introgression, each under 1) without a reduced hybrid fitness ( i.e. an additive genotype-
phenotype map) ii) Haldane’s rule (only the heterogametic sex had a gene flow barrier)
and iii) a gene flow barrier for hybrids in both sexes (henceforth referred to as simulations
with a full gene flow barrier). All simulations were run for 2000 generations. In the
supporting information, we also include the GLI for these simulations after 200
generations (Fig. S1), and the GLI for a simulation which was run with same parameters,
but migration was only simulated for the first 200 generations (Fig. S2). Each simulation
was independently repeated 100 times, with varying breeding values for each independent
simulation (i.e., a different set of breeding values was drawn for each independent
simulation from the Gaussian distribution). This was implemented using a different
pseudo-random number generator in R for each independent simulation (set.seed
function). These simulations were performed at the University of Geneva on the
"Yggdrasil" HPC cluster in R (v4.2.0; R Core Team, 2022). The code for simulating and
measuring the GLI using the modified “glads” functions can be found in the supporting

information (Appendix S1).

133



4.3. Results

4.3.1 Adaptive and maladaptive introgression

We performed simulations with a fixed migration rate (m; = 5 x 10* ) over 2000
generations, while varying the breeding values of the donor and recipient populations to
simulate positive or negative introgression. Irrespective of the simulated fitness of
hybrids (additive, Haldane’s rule, and a gene flow barrier) and type of introgression i.e.,
equivalent, positive and negative, the 100 independent simulations for each scenario,
showed highly variable levels of introgression for autosomal loci. Similarly, under all
both positive and negative introgression, islands and valleys of introgression were
observed across all autosomal loci, regardless of the recombination rate. Under equivalent
introgression on autosomal loci, introgression levels across the 100 independent
simulations ranged between fixation of the donor population allele (introgression
proportion of 1) to fixation of the recipient population allele (introgression proportion of
0). Under simulations with positive introgression, all unlinked and linked neutral
autosomal loci, like with equivalent introgression, showed introgression levels across the
100 iterations ranging from the fixation of the donor to recipient population allele (Fig.
2a-f). Under negative introgression, fixation of the recipient population allele was seen
across all autosomal loci (Fig. 2g-1). Linkage affected the variation in levels of
introgression at autosomal loci, in which unlinked loci showed more variation in levels
of introgression than linked loci (Fig. 2g-1).

When comparing the average levels of introgression computed for each locus over
the 100 independent simulations, selected loci under positive introgression, where the

breeding values of the donor population conveyed a fitness advantage over the recipient
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population, had the highest level of introgression across the autosomal loci (Fig. 2a-c).
However, our simulations of equivalent introgression, where the donor and host
population had the same breeding values and fitness, all autosomal loci showed average
levels of introgression similar to unlinked neutral loci under positive introgression (Fig.
2a-f). Introgression levels for linked autosomal loci were lowest under negative
introgression i.e. when there was a maladaptive effect in the recipient population (Fig. 2).

The frequency of islands and valleys of introgression across the 100 independent
simulations differed between selected (i.e., loci that contributed to the additive phenotype
and fitness) and neutral loci. The HMM showed that under positive introgression, islands
formed more frequently and valleys less frequently than for neutral loci (Fig. 3a-c). Under
equivalent introgression, the HMM model showed that islands and valleys were evenly
distributed between selected and neutral loci (as was the case for all locus types under
equivalent introgression). Under negative introgression, the HMM did not show a clear
pattern between selected and neutral loci; although, under Haldane’s rule, islands formed

more frequently under selected loci.

4.3.2 Fitness of hybrids

Our simulations showed that decreased hybrid fitness (i.e., a full gene flow barrier and
Haldane’s rule) did not affect the average shape of the GLI but resulted in a decreased
level of introgression (Fig. 2). This decrease was larger under simulations of a full gene
flow barrier than Haldane’s rule (Fig. 2). When analysing the variation across the 100
independent simulations, for all three types of introgression, a lower level of variation
was observed for simulations with a reduced hybrid fitness (with simulations under
Haldane’s rule showing less variation than simulations with a full gene flow barrier) (Fig.

2). For all autosomal loci, under all three types of introgression, a similar trend was also
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observed with the average landscape of introgression: that simulations with a reduced
hybrid fitness had a lower level introgression (with simulations under Haldane’s rule
showing lower average levels of introgression than simulations with a full gene flow

barrier) (Fig. 2).

4.3.3 Genes of large effect

While the level of introgression was highly variable in each independent simulation, the
effect of frequency of genes of large effect on the GLI was influenced by the type of
introgression and recombination rate (Fig. 2). In linked regions under positive
introgression, both regions of high and low-frequency of genes of large effect, on average,
showed either fixation or near fixation of the donor population alleles in the recipient
population (Fig. 2a-c). However, more loci in the high-frequency region were shown to
fix for the donor allele (Fig. 2a-c). The HMM for linked loci showed that islands and
valleys were evenly distributed between the high and low-frequency regions (Fig. 3a-c).
In unlinked regions under positive introgression, the average landscape of introgression
fluctuated highly. However, the range of these fluctuations was larger under a high-
frequency than low-frequency (Fig. 2a-c). This pattern was shown by the HMM, where
at unlinked high-frequency regions in comparison to unlinked low-frequency regions,
islands formed more often and valleys less often (Fig. 3a-c). Under equal introgression,
regions of high and low-frequency showed similar levels of introgression, on average,
irrespective of the recombination rate (Fig. 2d-f). This was shown by the HMM, where
islands and valleys were equally distributed between the high and low-frequency regions
(Fig. 3d-f). Under negative introgression and linkage, on average, the level of

introgression was higher for low-frequency than high-frequency regions of genes of large
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effect (Fig. 2g-1). However, at unlinked loci under negative introgression, the frequency
of genes of large effect did not affect the GLI (Fig. 2g-1).

Under negative introgression for genes of large effect, the GLI fluctuated less under
linkage, with higher levels of introgression forming in independent simulations at
unlinked loci. Additionally, the average GLI was higher for unlinked genes of large effect
than linked genes of large effect (Fig. 2.g-1). The HMM for negative introgression did
show differences in the frequency of island and valley formation between high and low-

frequency; although, a clear pattern was not observed (Fig. 3g-i).

4.3.4 Recombination rate

Our simulations showed that the effect of recombination on the GLI was dependent on
the type of introgression (Fig. 2). Under positive introgression, linked loci had a higher
average level of introgression than unlinked loci (Fig. 2a-c). This pattern was shown by
the HMMs, where islands formed more frequently and valleys less frequently when loci
were linked vs unlinked (Fig. 3a-c). Furthermore, across the 100 independent simulations,
linked loci showed less variation. This was particularly the case for genes of large effect,
where under a high frequency, the majority of loci were fixed for the donor allele across
all 100 independent simulations. Under equivalent introgression, recombination did not
influence the average GLI for the simulated autosomal loci (Fig. 2d-f). The HMM
reflected this result as islands and valleys were equally distributed between linked and
unlinked loci (Fig. 3d-f). However, under negative introgression, the effect of linkage was
dependent on the simulated hybrid fitness scenario (Fig. 2d-f). On average, under
simulations without a full gene flow barrier and Haldane’s rule, unlinked loci had higher
levels of introgression than linked loci (Fig. 2d-f). When considering a full gene flow

barrier, linkage did not affect the average GLI for autosomal loci (Fig. 2g-i1). However, a
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clear pattern was not observed with the HMM, although islands formed more frequently
under unlinked loci for simulations without a decrease in hybrid fitness (68.7%) and
Haldane’s rule (74.7%) (Fig. 3g,i). Also, a bias in valley formation was only observed
under a full gene flow barrier, where valleys formation was slightly more frequent for
unlinked loci (58.7%) (Fig. 3h).

The introgression level for the non-recombining sex chromosome (p = 0) did not
depended on the type of introgression for simulations with a reduced hybrid fitness (Fig.
2). Under all simulations with a reduced hybridisation fitness, the loci representing a sex
chromosome did not show any introgression, across the 100 independent simulations
(Fig. 2). Also, for each independent simulation, irrespective of the hybrid fitness and type
of introgression, a fixed introgression level was observed for all 50 loci in the non-
recombining sex chromosome (Fig. 2). For simulations without a reduced hybrid fitness,
the type of introgression did influence the average level of introgression and variation
across the 100 independent simulations. Under positive and equivalent introgression
without a reduced hybrid fitness, the level of introgression varied highly between the
independent simulations (ranging from the fixation of both the donor and host allele), in
contrast to negative introgression which showed less variation (ranging from 0 to ~ 0.5)
(Fig. 2c¢,f,i). Also, positive and equivalent introgression showed a similar average level
of introgression ( 0.64 and 0.60), which was higher than negative introgression (0.05)

(Fig. 2¢,f,1).
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4.4. Discussion

Using an individual-based modelling approach, we show that the GLI is influenced by
the type of introgression, the fitness of hybrids and recombination rate. Here, our
simulations highlight that the GLI is highly variable and may form islands and valleys
under the same parameters. Thus, our results support empirical studies that show the
effect of recombination on the landscape of introgression is variable and dependent on
evolutionary processes such as selection (Duranton & Pool, 2022). Previous studies have
highlighted that islands and valleys of introgression are indicative of adaptive and
maladaptive introgression, respectively (Schumer et al., 2018; Setter et al., 2020). Our
simulations show that under simulations of positive and negative introgression, selected
loci have a greater propensity to form islands and valleys of introgression, respectively.
Additionally, our simulations provided theoretical support for empirical studies which
showed that Haldane’s rule reduced introgression between populations (Ottenburghs,
2022). When simulating Haldane’s rule under positive introgression, we also show that
islands of introgression are more pronounced under the average GLI. Also, our
simulations show extensive stochasticity in the GLI (Fig. 2). This can be partially
mitigated by specific initialisation for empirical datasets, where the starting populations
are defined by sequence data. However, a key aspect of our results is the inherent
stochasticity associated with the GLI. Models that consider a complete or close to a
complete genotype-phenotype map along with the inclusion of multiple other biological
mechanisms may produce far less stochasticity, but integrating such complexity into the

glads model is not tractable.
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4.4.1 Valleys and islands of introgression can form irrespective of the type of

introgression

While our simulations showed that varying the type of introgression influences the
landscape of introgression, we also observed that across the independent simulations any
pattern could form across the GLI. Previous studies have shown that under adaptive and
maladaptive introgression, islands and valleys of introgression frequently form,
respectively (Schumer et al., 2018; Setter et al., 2020). While this may be the case, here
we demonstrated that other evolutionary processes can generate these patterns in the GLI.
For example, our simulations of equivalent introgression highlighted the effect of
stochasticity on the GLI, where islands and valleys were observed across the GLI. Under
equivalent introgression, the introgressed alleles under selection had a fitness equal to the
recipient population. Thus, the effect of selection was equivalent for the populations, and
the landscape of introgression could be explained by the other simulated evolutionary
processes (Svedberg et al., 2021). We explained the variation across the independent
simulations as a consequence of stochasticity, supporting previous studies that highlight
the effect of drift on generating heterogenous GLI (S. H. Martin & Jiggins, 2017). Under
our simulations of positive introgression, the fitness advantage at selected loci caused
selection to maintain the introgressed alleles (Hedrick, 2013), generating islands on the
average GLI. On the other hand, the fitness disadvantage generated by negative
introgression caused the introgressed alleles to be purged from the population (Veller et
al., 2023), generating the reverse valley on the average GLI. We therefore reconcile our
results with empirical association between adaptive and maladaptive introgression, and
islands and valleys of introgression, by observing the average landscape of introgression

at selected loci. However, we show that interpreting a given pattern on the GLI has to be
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done with caution, since the complex interplay between different evolutionary processes
can influence islands and valley formation.

Despite the variable outputs of the independent simulations in the GLI, our
simulations of Haldane’s rule and a full gene flow barrier generated more distinct
evidence of islands under positive introgression. The islands of introgression that formed
were easier to identify as the strength of the hybridisation barrier increased: the genomic
islands were more pronounced with a full gene flow barrier than Haldane’s rule. We
therefore suggest that the introgression barriers were more permeable to loci favoured by
selection, while neutral loci were hindered more by the introgression barrier. While this
pattern was hidden by the total variation across the 100 independent simulations, the
average level of introgression reflected numerous empirical studies that have shown
evidence of lower levels of introgression as a consequence of Haldane’s rule (for a review
see Ottenburghs, 2022). We therefore suggest that adaptive introgression is easier to
detect in the presence of hybrids with a gene flow barrier

In previous two-population models, the GLI evolving under adaptive
introgression has been shown to resemble a selective sweep (Santiago & Caballero, 2005;
Svedberg et al., 2021). In these simulations, the population with the advantageous allele
resembled a hard-selective sweep (i.e. fixation of the allele), while the recipient
population resembled a soft selective sweep (i.e. both alleles persist at intermediate
frequencies) (Setter et al., 2020). Similarly, in our simulations of positive introgression
at unlinked loci, we observed a soft selective sweep pattern, as shown by the proportion
of introgression ranging from 0 to 1, which indicates that a single allele did not typically
fix, but rather intermediate allele frequencies (represented by the observed intermediate
proportion of introgression) were typically observed (Fig. 2). However, a strong selective

sweep was observed at linked loci. This is shown by the skew in the proportion of
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introgression for higher values. Across all the linked loci, an introgression proportion of
1 was observed, while at few loci an introgression proportion of 0 was observed across
the independent simulations and the minimum level of introgression at selected loci was
typically high, indicating that the loci typically fixed for the introgressed beneficial allele
(Fig. 2). We suggest, that the linkage between these positively selected loci cumulatively
increased the effect of positive selection on the donor alleles, leading to its fixation. Our
simulations therefore provide additional support for selective sweeps under adaptive
introgression. Additionally, we highlight that role of recombination and its interaction
with evolutionary processes in the formation of these selective sweeps. Through this
interaction, we show how both strong and soft sweeps can form within a single

population, as a consequence of genomic architecture.

4.4.2 Genes of large effect and the gene flow-selection-drift balance

Our simulations reflected Orr’s (1998) hypothesis, that large effect genes can fix when
the population is far from the phenotypic optimum. In our simulations of positive
introgression, genes of large effect frequently fixed. In these simulations, the host
population was far from the phenotypic optima (due to less fit alleles being simulated in
the host population), and thus the introgressed alleles helped the individuals move
towards the optima. Numerous empirical studies have identified genes of large effect
which contribute to the adaptive evolution of species, examples of which include,
pollinator shifts in plants (Bradshaw Jr & Schemske, 2003; Hoballah et al., 2007); insect
colouration in Heliconius butterflies and Sawfly larvae (Linnen et al., 2018; Livraghi et
al., 2021); and pigmentation in mice (Hoekstra et al., 2006). We explain the increased
fixation of gene of large effect under linkage, by recombination increasing the cumulative

effects of selection. Empirically, this pattern has been observed between small-effect loci,
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that through reduced recombination in an inversion, generate increased selective effects
(Olson-Manning et al., 2012; Twyford & Friedman, 2015). As predicted by the gene flow-
selection-drift balance, alleles under stronger selection are likely to have a longer
persistence, which is reflected by the increased fixation of linked loci (Yeaman &
Whitlock, 2011). This logic can be used to explain the reverse pattern observed under
negative introgression: more variation and higher average level of introgression at
unlinked loci. Under negative introgression, the host population is close to the phenotypic
optima (due to more fit alleles being simulated in the host population). Thus, explaining
the low level of introgression at gene of large effect. Similarly, under negative
introgression, linked loci are expected to be under stronger negative selection, and so are
likely to persist for a shorter period of time. This compounding effect through linkage for
genes of large effect, can be tested using the glads model by comparing simulations of
linked regions with a single large effect gene to a region with multiple large effect genes.
This comparison can then be replicated without linkage: simulating unlinked regions with
a single large effect gene and with multiple large effect genes. We anticipate the
simulations with linkage will recapitulate our results, while the simulations without
linkage (single and multiple genes of large effect) will show more similar levels of
introgression compared to simulations with linkage. Our simulations of genes of large
effect under equivalent introgression, highlighted the role of migration rate and drift on
the GLI. Under equal introgression, as selection was equal for both alleles, the gene flow-
selection-drift balance reflected the stochastic GLI, and the average level of introgression

reflected the level of gene flow.
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4.4.3 Reduced introgression in the non-recombining sex chromosomes

Non-recombining heterogametic sex chromosomes typically have a lower introgression
rate than recombing autosomes (Veller et al., 2023). Factors causing this include an
increased accumulation of incompatibilities and reduced effective population size (S. H.
Martin et al., 2019; Van Belleghem et al., 2018). Our simulations of the non-recombining
sex chromosome, which included a reduced hybrid fitness, also had a lower level of
introgression than the recombining autosomal loci. The occurrence of both sex
chromosome haplotypes within an individual reduced the fitness (i.e. an individual that
had both the host and donor haplotype), much like how Dobzhansky Muller
incompatibilities mutations from different lineages reduce the fitness through negative
epistatic interactions. Thus, generating the same effect of a lower introgression rate
(Fusco & Uyenoyama, 2011). We also expected this pattern for simulations without a full
gene flow barrier, as the absence of recombination in the heterogametic sex is a known
factor in reducing introgression (Fraisse & Sachdeva, 2021). As for the autosomal
chromosomes, the interplay of several population genetics factors, including effective
population size, migration rate, mutation rate, and the large X-effect, make predicting the
introgression rate in a sex chromosome challenging (Van Belleghem et al., 2018). Our
simulations with a reduced hybrid fitness reflect this complexity through the variation
observed across the 100 independent simulations for the non-recombining sex-

chromosome.
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4.5. Conclusion

Interpreting the genomic landscape of introgression must be made with caution (S. H.
Martin & Jiggins, 2017), as our simulations show that different levels of introgression
can occur under the same evolutionary conditions. Nevertheless, the average trends
observed in our simulations add to the theoretical evidence and support empirical studies
(Setter et al., 2020; Veller et al., 2023), which associate islands of introgression with
adaptive introgression and valleys of introgression with maladaptive introgression
(Schluter, 2009; Schumer et al., 2018). Furthermore, our results also highlight the
importance of considering different layers of complexity when modelling the GLI, as the
interaction of different factors, such as selection, drift, and recombination can
concurrently influence the shape of the GLI (Duranton & Pool, 2022). Through
computational approaches, such as approximate Bayesian computation and machine
learning, empirical observations can be compared with theoretical expectations, such as
the one provided by our modelling approach, to narrow down the range of conditions that
generate particular GLI. While this will not alleviate the inherent stochasticity generated
by the glads model, summary statistics inferred from the average genomic landscape,
using these computational approaches, can still assign probabilities for parameters in
forming a particular genomic landscape (Csilléry,2010). Thus, implementing these
methods to our model framework can provide insight into the evolutionary processes

shaping the GLI of any biological system.
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4.7. Figures

Table 1 — List of parameters

Parameter Definition

N

Na

bo

b

Population size

Number of loci

Number of selected loci
Number of candidate loci
Number of non-candidate loci

Weighting for selected loci

Selection on introgressed allele
Uni-directional migration rate
Number of generations
Maximum offspring number

Phenotypic optima

65(7), 1897-1911.
Value
400
350
200
60 (60% of phenotype)

140 (40% of phenotype)

0.01 (genes of large effect)

~0.00286 (genes of regular effect) T

0.4

5x 10 (population 1to 2)
2000

4

0.4

151



b2
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bs

Genv

Odem

0.4/140

Variance of fitness curve
Variance of breeding values

Density dependence (host)

Stochastic environmental variance (host)
Stochastic demographic variance (host)
Mutation rate

Sex ratio

Recombination rate

Haldane’s rule

A full gene flow barrier

0.8

0.15

0.005 1

0.004 §

0.01

1

0

0.5

0.001 (Linked loci)
0.5 (Unlinked loci)
0 (non-recombining sex chromosome)
0.4

0.4

i for populations where the breeding values were drawn from a Gaussian distribution

with a

mean of b1/2

§ for populations where the breeding values were drawn from a Gaussian distribution

with

mean of b1/2 + 3y
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Figure 1. The genetic architecture of the 350 simulated loci. The upper bar describes the
type of selection acting on loci. The black horizontal stripes in the low-frequency region
represent the position of the 5 candidate loci in this region. The high and low-frequency

regions are 30 loci long. The lower bar represents the recombination rate (p).
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Figure 2. The genomic landscape of introgression (GLI) between two lineages. Each
panel represents the variation across 100 independent simulations of 2000 generations,
each GLI is represented with black lines. The line in red is the average of the 100
independent simulations. The upper bar represents the selection the locus is under and the
lower bar the recombination rate (p) (see Figure 1). The different panels show simulations
under different types of introgression and hybrid fitness. The top row represents
simulations under positive introgression, the middle panel under neutral introgression,

and the bottom panel under negative introgression.
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introgression and hybrid fitness. Each panel represents the proportion of islands and
valleys identified by the HMM for each simulation under the following locus types:
linked high frequency (LHF), linked low frequency (LLF), linked neutral (LNT), linked
selected (no genes of large effect) (LSE), unlinked high frequency (UHF), unlinked low
frequency (ULF) unlinked neutral (UNT), unlinked selected (no genes of large effect)

(USE). For values that are < 1%, see Table S1.
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4.8 Supporting Information

Table S1. Percentage of islands and valleys identified by the HMM for each

simulation after 2000 generations

Simulation

Landscape | Locus | AL + | AI +|AIL +|NIL +|NI +|NL + ML +|MI +|MIL +

Type | H.Rule | Full Add. H.Rule | Full Add. H.Rule | Full Add.

valley LHF 0.08 0.18 0.00 | 13.09| 12.38 8.04 | 1196 | 10.79| 11.99

LLF 0.19 0.00 028 | 11.28| 1253 | 1133 | 11.29 929 | 13.16

LSE 0.51 0.63 092 | 11.18 | 12.87| 1353 | 12.86| 1093 | 13.69

LNT 4.71 6.27 423 1275 | 1324 | 15.17| 12.03 | 1025 | 12.14

UHF 1591 | 1523 | 16.02| 13.60 | 12.22| 14.63 | 1330 | 1434 | 12.22

ULF 2342 | 2401 | 23.81| 12.75| 1198 | 1133 | 12.86| 1530 | 12.59

USE 2521 2563 | 2473 | 12.70| 12.59 | 12.61 | 13.00 | 14.75| 12.71

UNT 2996 | 28.05| 30.00 | 12.65| 12.19| 1335 | 1271 | 1434 | 11.50

island LHF 18.42 | 2046 | 16.85| 11.26| 12.06| 11.58 8.45 9.49 3.72

LLF 1833 | 2036 | 16.67| 11.35| 10.07 | 12.44 423 | 18.25 8.19

LSE 18.13 | 19.75| 16.55| 13.40| 12.19| 12.67| 12.68 | 10.95 8.75

LNT 1581 | 16.18 | 15.07 | 12.87| 11.64| 12.58 0.00 | 10.95| 10.61

UHF 10.59 | 10.10 | 11.15| 12.75| 13.74| 1199 | 11.27| 1241 | 16.20

ULF 7.44 5.34 881 | 12.79| 1339 | 12.76 | 19.72 | 12.04| 17.69

USE 6.57 4.63 8.14 | 12.61 | 13.19| 13.35| 2535 | 13.14| 15.83

UNT 4.72 3.18 6.75 | 1297 | 13.71 | 12.62| 1831 | 12.77 | 18.99
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Figure S1. The genomic landscape of introgression (GLI) between two lineages. Each

panel represents the variation across 100 independent simulations of 2000 generations

after 200 generations. Each GLI is represented with a black lines. The line in red is the

average of the 100 independent simulations. The upper bar represents the selection the
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locus is under and the lower bar the recombination rate (p) (see Figure 1). The different

panels show simulations under different types of introgression and hybrid fitness. The top

row represents simulations under positive introgression, the middle panel under neutral

introgression, and the bottom panel under negative introgression.
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100 independent simulations after 2000 generations
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lines. The line in red is the average
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represents the selection the locus is under and the lower bar the recombination rate (p)
(see Figure 1). The different panels show simulations under different types of
introgression and hybrid fitness. The top row represents simulations under positive
introgression, the middle panel under neutral introgression, and the bottom panel under

negative introgression.
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5 o Discussion

5.1 General discussion

At the heart of evolutionary biology is the question of how populations diverge and
species form. This question inspired Darwin and Wallace to present their historic
developments on the theory of natural selection (Darwin & Wallace, 1858). Over 160
years of development in the field has led to an extended understanding of evolution, but
it is still challenging to decipher the mechanism participating in the divergence of a
particular species. The effects the evolutionary processes selection, mutation, drift, and
gene flow must be considered not only individually, but also interactively, as different
processes can have antagonistic or synergistic effects depending on the context. In this
thesis, I present a series of interlinked models that expand on our ability to dissect the
evolutionary histories of species via examination of the genomic landscape. I highlight
cautions in interpreting a given genomic pattern as the different evolutionary processes
can generate similar genomic landscapes. I also develop an individual-based modelling
approach useful for inferring the likely evolutionary processes in play for a specific

biological system.

5.2 An improved general model for simulating genomic landscapes

In this thesis, I make use of the individual based Genomic Landscape of Divergence
Simulations (‘glads’) model developed by Quilodran et al., 2020. This approach enables

the simulation of the divergence of two or more genetically defined populations (lineages)
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across three hieratical levels: the genotype, phenotypic traits, and demographic rates. The
model proceeds in discrete steps representing generations. In each step, the populations
breed together and migrate between the populations. Over the course of the simulation,
the aforementioned evolutionary processes: selection, mutation, recombination, drift, and
gene flow, shape the evolutionary divergence of the populations. While this thesis
focusses on the fixation index (Fst) and level of introgression to understand the impact
of evolutionary processes on diverging lineages, any population genomics statistics could
be implemented to the output of this general approach. Fst can be inflated by a reduction
in within-population genetic diversity (Charlesworth, 1998,). Nevertheless, Fst is
particularly informative for inferring the process that generate divergence between
populations and maintain/erode this divergence.

I have incorporated important new features to this modelling framework,
including: 1) an extension of the genotype-phenotype map, with the inclusion dominance,
genotype-environment interaction, and epistatic interactions ii) positive and negative
frequency dependent selection, iii) variable patterns of migration, in contrast to the fixed
migration rate parameter, iv) the simulation of multiple traits within a population, v) a
framework for examining the genomic landscape of introgression, and vi) reduced gene
flow in hybrids. The implementation of different layers of complexity, simulated with the
concurrent influence of these new features, enables a more nuanced characterization of

the conditions observed in natural systems.

5.3 Individual based modelling

Individual based models provide an insight at the higher level through the emergent

properties of the interactions of parametrised individuals at a lower level. As a result,

162



analytical solutions for these models are too complex. Thus, inferring the meaning of
these emergent properties can be challenging. In this thesis, the formation of genomic
landscapes is not explanatory of the biological underpinnings. Rather, comparative
approaches between different parameter conditions highlight the effects these parameters
can have on the genomic landscape e.g. introducing negative frequency dependent
selection transforms genomic islands into valleys. However, the biological underpinnings
can be potentially inferred with confidence by looking at the emergent population
characteristics e.g. the phenotypic space, and changes in population size. Additionally,
such inferences can be influenced by verbal and conceptual understandings of the
mechanism e.g. frequency dependent selection has been shown to generate balancing
selection empirically with a conceptual basis. Nevertheless, individual based models
provide a fruitful insight into higher level dynamics that differential equation-based
approaches cannot provide (Breckling, 2002). While differential-based approaches offer
mathematical transparency that facilitates parameter generalisations and explicit
solutions, they are unable to capture the complexity of heterogenous system with
individuals in the population optimizing their fitness over time (Grimm, 2019). Through
the glads model, we can simulate the genomic landscape under different evolutionary
conditions. These predictions can then be compared to empirical datasets to provide
additional lines for already existing hypotheses, by applying the corresponding
parameters and checking for congruence between the two (Martin et al., 2024; Appendix
2). However, the reverse approach of using individual-based models to derive an
evolutionary narrative only from the empirical genomic landscape is challenging.
Individual-based models whilst versatile, do not provide generalised rules, regarding
parameter, as found with analytical based approaches e.g. differential equation models.

Approaches such as ABC and machine learning can mitigate this to a degree but still do
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not provide precise rules regarding the parameter for an observed genomic landscape.
Rather, such approaches can narrow the range of conditions that might explain the
observed genomic landscapes, through the summary statistics for the observed Fst and
introgression landscape distributions. With a more restricted parameter space for a given
landscape, certain hypotheses about the evolutionary history of a species can potentially
be ruled out. This model can be used to simulate parts of a chromosome using the
geno2glads tool (see Supplementary material, Appendix 1). Simulating genomic data on
a larger scale, while possible, will typically exceed computational restraints, restricting

the scale for which simulations are developed.

5.4 The variability of the genomic landscape

Over the last few decades, there has been an interest in studying the divergence of
populations from the genomic landscape perspective (Charlesworth et al., 1997; Nosil,
Funk, et al., 2009; Wu & Ting, 2004), evaluating regions of elevated and reduced
differentiation or similarities across genomes. Early approaches assumed that genomic
patterns (i.e., high or low levels of differentiation or introgression) formed by a particular
set of evolutionary processes, which could then be used to infer the evolutionary history
of a species (Wu, 2001; Wu & Ting, 2004). However, more recently it was observed that
the same pattern can form under varying evolutionary conditions (Ravinet et al., 2017).
In this thesis, by further extending the complexity of the glads model, I aimed to see if it
was possible to identifying the range of parameters and processes under which landscape
features form. I demonstrated that while different evolutionary processes can generate
similar genomic patterns, a single set of evolutionary conditions can also generate

multiple different genomic patterns, as a consequence of stochasticity (e.g. genetic drift
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and random demographic fluctuations) and genomic composition of the starting
population. I thus emphasise caution in interpreting the genomic landscapes of both
divergence and introgression. Nevertheless, while the genomic landscape is highly
variable, different evolutionary processes and combinations of processes often have
higher propensities to form particular genomic patterns e.g. for the landscape of
divergence, divergent selection combined with positive frequency-dependent selection

has a high propensity for islands formation and a low propensity for valleys formation

(Fig. 1).

5.4.1 Genomic landscape of divergence

The modern evolutionary synthesis provides a strong understanding of how
different evolutionary processes contribute to divergence along the speciation continuum
(Coyne & Orr, 2004a). However, the question remains how do these processes influence
divergence at the level of genomes, and can we disentangle the evolutionary history of a
specific biological system using patterns on the genomic landscape of divergence. In
Chapter 2, I introduce several modifications to the glads model, and highlight: 1) the
variable nature of the landscape of divergence, and 2) the effects of these additional layers
of complexity on the propensity of islands and valleys. Previously, genomic islands were
thought to be restricted to the condition of divergent selection and gene flow, where
divergent selection generates divergence at selected loci, while gene flow limits
divergence at neutral loci through homogenisation (Nosil, Funk, et al., 2009). However,
our simulations show that irrespective of divergent or parallel selection between
populations, there is a propensity for the formation of genomic islands and valleys of

divergence, when negative and positive frequency-dependent selection act within the

165



populations, respectively. Under the concurrent action of dominance and divergent
selection, and genotype-environment interaction with parallel selection, our simulations
also show a propensity for reduced levels of divergence. By modelling the effects of
concurrent evolutionary processes, our results build on previous work that show how
multiple factors, and their concurrent effects, shape the genomic landscape of divergence
(Campbell et al., 2018; Quilodran, Ruegg, et al., 2020b; Ravinet et al., 2017). By
highlighting new routes for the formation of genomic islands and valleys e.g. frequency-
dependent selection, our results build on previous research which indicate that genomic
islands of divergence can form via different evolutionary routes (Quilodran, Ruegg, et
al., 2020b; Yeaman et al., 2016).

Dobzhansky-Muller incompatibilities (DMIs) describe the negative epistatic
interactions that can form between alleles that arise in different evolutionary
backgrounds. Consequently, these DMIs can facilitate divergence and even speciation,
through post-zygotic effects on fitness. While the effects of DMIs on reproductive
isolation have been modelled, the effects of DMIs on the genomic landscape of
divergence had not previously been explored. In Chapter 3, I developed the glads
mutation rate parameter to incorporate DMIs into the model. Our results showed that with
the inclusion of DMIs under simulations with high levels of gene flow, genomic islands
had a higher propensity to form. Thus, our results provide support for i) previous
theoretical studies which show that DMIs decrease gene flow between populations
(Blanckaert & Hermisson, 2018), and ii) the effect of selection on the genomic landscape
is counterbalanced, when both divergent and parallel selection concurrently acts on
populations. The genomic architecture of species contains multiple genes, which may be
differentially affected by selection i.e. some may be under divergent selection and others

parallel selection (Langerhans & Riesch, 2013). As shown in Chapter 2, and in other
166



studies (Quilodran, Ruegg, et al., 2020b), selection impacts the genomic landscape of
divergence in different ways. While selection has been modelled in terms of the genomic
landscape, previous studies have focused on a single trait (Quilodran, Ruegg, et al.,
2020b), and often simulated selection by using a single parameter (Charlesworth et al.,
1997; Feder, Gejji, et al., 2012b; Feder & Nosil, 2009; Sedghifar et al., 2016). In Chapter
3, I showed that the concurrent simulation of two traits under selection influences their
effect on genomic landscape of divergence, as a consequence of their interaction.

The discrepancies in the genomic landscape of divergence observed in Chapter 2
and Chapter 3, can be explained by the construction of the model. Across these two
chapters, multiple different genotype-phenotype maps and models of selection (i.e. a
single trait under natural selection, two traits under natural selection, parallel and
divergent natural selection, and positive and negative frequency dependent selection)
were simulated. Fundamentally, these different modifications of the model impacted the
genomic landscape in different ways. In addition to this, the concurrent effects of these
modifications may differ from the effects of these modifications occurring on their own.
This is particularly highlighted by the difference in genomic landscape observed in
Chapter 2 and Chapter 3, where the addition of second trait significantly changes the
effect of selection on the genomic landscape. Furthermore, I anticipate that this effect will
occur repeatedly for the modifications introduced in this thesis. Thus, one of the next
steps will be integrate the modifications in this thesis, in order to be able to simulate them
concurrently. While this additional complexity makes parameter generalisation more
difficult and reduces mathematical transparency, the model will represent a more accurate
approximation of empirical systems, when parametrised correctly. Additionally, a rich
insight can be obtained into the concurrent vs independent effects of these modifications

on the genomic landscape of divergence.
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The findings of Chapter 2 and 3 together, through simulating an increased
complexity of the genotype-phenotype map and fitness function i.e. the addition of
frequency-dependent selection and simulation of multiple traits, show novel routes for
the formation of particular genomic landscapes of divergence. I thus highlight that
implementing additional layers of complexity has a profound impact on the shape of the
genomic landscape of divergence. Our independent simulations with equal parameters
emphasis the highly variable output on the divergence levels, although certain genomic

patterns are more likely to be expected under given conditions (Fig. 1).

5.4.2 Genomic landscape of Introgression

Hybridisation affects many species, with a dynamic range of effect on their evolution,
ranging from species fusion to facilitating speciation (Seehausen, 2004). Similar to the
genomic landscape of divergence, there is a poor understanding of how different
evolutionary processes shape the genomic landscape of introgression, and to what extend
it is possible to disentangle the effects of these processes on the evolution of species. In
Chapter 4, I developed the glads model to concurrently simulate different evolutionary
processes, and examined their effects on the genomic landscape of introgression. In this
chapter, I provide support for studies that show the effect of selection and linkage on the
landscape of introgression (Duranton & Pool, 2022; Ravinet et al., 2018), in which the
type of selection influences the effect recombination has on the genomic landscape of
introgression. Additionally, our results add to the literature that highlights the propensity
of positive and negative introgression to form islands and valleys of introgression,
respectively (Schumer et al., 2018; Setter et al., 2020). Here, I show how the concurrent

interactions of different evolutionary processes and the genetic architecture (i.e. genes of
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large effect and recombination) lead to a highly variable genomic landscape of
introgression. Additionally, I show with barriers to gene flow in hybrids, that the average
trend of genomic islands of introgression under positive selection becomes more
pronounced, thus indicating that such barriers may help to recognise adaptive

introgression in empirical studies.

5.5 Conclusion

In each chapter, I examine the effects of different evolutionary processes on the genomic
landscapes (divergence and introgression). Across the simulations, I demonstrate that
both the genomic landscape of divergence and introgression are highly variable, with
different genomic patterns observed under same set of evolutionary conditions. I thus
emphasise caution in interpreting genomic patterns. Also, I demonstrate that the inclusion
of additional layers of complexity to the glads model has a profound effect on the shape
of the genomic landscape of divergence and introgression (Nosil, Funk, et al., 2009;
Ottenburghs et al., 2017) (Fig. 1). Through computational approaches, such as
approximate Bayesian computation and machine learning, the most likely parameter
values describing empirical observation could be identified. By combing these tools with
the modelling framework presented in this thesis and empirical data, as illustrated in
Chapter 3 for the silvereyes (Zosterops lateralis), the range of conditions participating in
particular biological systems can be narrowed. While the glads model shows considerable
stochasticity in the genomic landscape, as highlighted in this thesis, the average genomic
landscape provides an insight into the effects of different evolutionary mechanisms on
the genomic landscape. Machine learning and Bayesian approaches can utilise summary

statistics for these average landscapes, producing likelihoods for different parameter
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combinations. These likelihoods can be used to infer the most probable parameter spaces
for the observed empirical genomic landscapes; thus, alleviating the inherent challenges
with interpreting glads simulations that generate a large amount of stochasticity. I
emphasise that the genomic landscapes of divergence and introgression should
concurrently be analysed with multiple interactions between evolutionary processed and
layers of complexity, which could dramatically influence any expected genomic pattern.
My thesis presents a general framework to address this major questions in the field of
evolutionary biology, which may be used to shed light on the past or future evolution of

any diverging lineages.
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Figure 1. A schematic of the modifications introduced to the model and their effects on
the genomic landscape (grey oval rings). The arrows to either the genomic island of
divergence or valley of similarity, represents the effect the evolutionary processes on
propensity of the landscape to form. The arrows in blue represent an increased propensity

for the formation of that landscape, while the arrows in green a reduced propensity.
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Arrows going through multiple boxes indicate an interaction (indicated by a purple star).
Additionally, genetic drift and the genetic architecture also interact with each of these

arrows to influence the genomic landscape of divergence.
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A o Supplementary material: Chapter 2

Appendix 1
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manuscript:

The effect of divergent and parallel selection on the genomic landscape of

divergence

Ali, H. A., Coulson, T., Clegg, S. M., & Quilodran, C. S. (2024). The effect of
divergent and parallel selection on the genomic landscape of divergence. Molecular

Ecology, 33(3), e17225.
Questions to: Hisham A.A. Ali. Department of Zoology, University of Oxford.
Email: hisham.a.ali@gmail.com

This vignette provides a description of how to set up glads in R and four examples
implementing the modifications from this manuscript.

Example 1 : Dominance
Example 2 : Genotype-Environment (GXE) interaction
Example 3 : Frequent dependent selection (FDS)

Example 4 : Variable migration with dominance, GxE interaction and negative FDS
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R set up

Within R, the following packages need to be installed:

library('ape')
library('ade4")
library('adegenet"')
library('pegas')
library('Rcpp"')
library('abind")
library('parallel’)
library('progress"')
library('ggplot2')
library('dplyr')
library('caTools"')

The glads package can be cloned from Github in terminal by running the following

commands

git clone https://github.com/erigande/glads

R CMD INSTALL --no-multiarch --with-keep.source glads

After installing glads, the library can be loaded into R

library('glads"')

New R and C++ Functions

These are the modified R functions.

The modified fitness function

fitnessFDS <- function (z, N, be, bl, b2, b3, d.v, add.loci, FDS,

perc, bands, tstatus, ypl, yp2, dimStruct)

{
ze <- z[, "z"]
ng <- add.loci
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a <- bo
b <- bl
c <- b2
W

<- round(a * exp(-((ze - b * ng)*2)/(2 * (c * ng)"2)) -
b3 * N + rnorm(N, 0, d.v), 9)

step <-( ( max(ze) - floor(min(ze)) ) / bands )

t <- ze
zBand <- rep(@,length(t))

for(i in 1:length(t)) {
zBand[i] <- ceiling((t[i]-floor(min(ze)) )/step) #band each z in order
zBand[i] <- ifelse( zBand[i] == © , 1,zBand[i])

}

fgtab <-as.data.frame(table(zBand))

perc <-perc
FDSfp <- ( fqgtab[,2] / max(fgtab[,2]) ) * perc

FDSall<- cbind(fqtab,FDSfp)
ZFDS <-rep(@,length(t))

for(i in 1:length(t)) {
ZFDS[i] <- FDSall [zBand[i]== FDSall$zBand , 3]
}

switch(FDS, positive = { # new parameter
for(i in 1:length(w)) {
w[i] <- round(w[i] + zFDS[i],90)
}
}s
negative = {
ZFDS< - (perc-zFDS)
for(i in 1:length(w)) {
w[i] <- round( w[i] + zFDS[i],9)
}
}
)
w <- ifelse(w<0,0,w)
w <- ifelse(w>bo,bo,w)

wlis.na(w)] <- ©
return(w)
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The modified phenotype function

phenotype2 <- function(struct,interact, ...) {
G <- struct
dims <-dim(G)
bvs <- bvs

add.loci <- add.loci
sex.ratio <- sex.ratio
e.v <- e.v

inter <-interact

rcpp_g2p _map2(G, dims, bvs, add.loci, sex.ratio, e.v,inter)

}

The modified newborns function

newbornsAll <- function (x,recombination,type, tstatus,ypl, yp2,

dominance, GXxE,interact,FDSoption,FDS,perc,bands)

{
struct <- x[[1]]
recom.rate <- x[[2]]
init.sex <- x[[3]1]
mutation.rate <- x[[4]]
loci.pos <- x[[5]]
chromo_mb <- x[[6]]
param.z <- x[[7]1]
param.w <- x[[8]]

switch(type, constant = {

mean.fitness <- 2

n <- nrow(struct)

if (n%%2 == 0) {

z <- as.data.frame(cbind(sex = sample(rep(@:1, each = n/2)) +1))
rownames(z) = rownames(struct)

}

178



else {
neven = floor(n) + floor(n)%%2 - 2

Z <- as.data.frame(cbind(sex = c(sample(rep(09:1, each = neven/2)),

sample(0:1, 1)) + 1))
rownames(z) = rownames(struct)

}

if (!is.null(init.sex)) {
Z <- as.data.frame(cbind(sex = init.sex))
rownames(z) = rownames(struct)

}
z$z <- rep(mean.fitness, n)
¥
dynamic = {

sex.ratio <- param.z[[1]]
mean.fitness <- param.w[[1]]
d.d <- param.w[[2]]

n <- nrow(struct)

z <- as.data.frame(cbind(sex = rbinom(n, 1,

sex.ratio)+ 1))
rownames(z) = rownames(struct)

z$z <- round(pmax(rpois(n, lambda = mean.fitness) - d.d *n, 0))

¥
additive = {
sex.ratio <- param.z[[1]]
fitness.pos <- param.z[[2]]

bvs <- param.z[[3]]
add.loci <- param.z[[4]]
e.v <- param.z[[5]]
bo <- param.w[[1]]
bl <- param.w[[2]]
b2 <- param.w[[3]]
b3 <- param.w[[4]]
d.v <- param.w[[5]]
n.loci <- param.w[[6]]

struct.fit <- struct[, fitness.pos, ]
struct.fit.dom <- (struct.fit * 0)
bvD. <-dominance

for (i in 1:dim(struct.fit.dom)[1])

{
for (j in 1:dim(struct.fit.dom)[2])

{

x<- c(bvD[(struct.fit[i,j,1])] , bvD[(struct.fit[i,]j,2])] )

if (x[1] > x[2]) {
struct.fit.dom[i,j,1] <- (struct.fit[i,],1])
struct.fit.dom[i,j,2] <- (struct.fit[i,],1])

}
else if (x[1] == x[2])
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{
struct.fit.dom[i,j,1]<- (struct.fit[i,]j,1])
struct.fit.dom[i,],2]<- (struct.fit[i,]j,2])
} else if (x[1] < x[2])
{
struct.fit.dom[i,j,1]<- (struct.fit[i,],2])
struct.fit.dom[i,j,2]<- (struct.fit[i,],2])

}
}
}
switch(
GXE,
on = {
zs <- phenotype2(struct.fit.dom, bvs, add.loci, sex.ratio,
e.v,interact=interact)
¥
off = {
zs <- phenotype(struct.fit.dom, bvs, add.loci, sex.ratio,
e.v)
# modifcation of struct.fit
¥

stop("Invalid GxE type. Current options are 'on' or 'off'")

)

dimStruct <-dim(struct)
switch(

FDSoption,
on = {
fit <- fitnessFDS(zs, dim(zs)[1], b@, bl, b2, b3, d.v,n.loci,FDS,perc,

bands,tstatus,ypl,yp2,dimStruct)

3
off = {
fit <- fitness(zs, dim(zs)[1], bo, bl, b2, b3, d.v, n.loci)

}s

stop("Invalid FDS type. Current options are 'on' or 'off'")

)

z <- cbind(sex = zs[, "sex"], z = fit)

}s
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custom = {
zs <- do.call("phenotype", append(list(struct = struct), param.z))
fit <- do.call("fitness", append(list(z = zs[, "z"],

sex = zs[, "sex"], n = dim(zs)[1]), param.w))

z <- cbind(sex = zs[, "sex"], z = fit)

}s

stop("Invalid type of evolution. Current options are 'constant',
"dynamic', 'additive', and 'custom'"))

pairs <- mating(z, struct)
mums <- pairs[[1]]
dads <- pairs[[2]]

if (!is.null(mutation.rate)) {
mums <- mutation(mums, mutation.rate)
dads <- mutation(dads, mutation.rate)

struct.rt <- array(NA, dim(mums))
switch(recombination, map = {
struct.rt[, , 1] <- rcpp_recombo segregate(mums, dim(mums),recom.rate)
struct.rt[, , 2] <- rcpp_recombo segregate(dads, dim(dads),recom.rate)
}, average = {
struct.rt[, , 1] <- rcpp_recombo_segregate expo(mums, dim(mums),

loci.pos, chromo_mb, recom.rate)
struct.rt[, , 2] <- rcpp_recombo segregate expo(dads, dim(dads),

loci.pos, chromo_mb, recom.rate)

}s

stop("Invalid recombination type. Current options are 'map' or
'average'"))

return(struct.rt)

The modified evolve function

evolveAll<- function (x, time,
type = c("constant","dynamic", "additive","custom"),
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recombination = c("map", "average"), recom.rate,
loci.pos = NULL, chromo _mb = NULL,

init.sex = NULL,

migration.rate = NULL,
mutation.rate = NULL,

param.z = NULL, param.w = NULL,

fun = c(phenotype = NULL,fitness = NULL),
dominance, # vector representing dominance
GXE = c("on", "off"),interact,
FDSoption = c("on", "off"),FDS,perc,bands
)
{
npop <- length(x)
struct <- x
if (is.list(x) == F)

stop("Initial populations should be a list of arrays.", call. = F)

if (recombination == "average" && (is.null(loci.pos)

| [is.null(chromo_mb)))

stop("Loci position or size of the chromosome is missing with no

default for 'average' recombination.", call. = F)
if ((recombination == "map" && length(recom.rate) != (dim(x[[1]])[2]
-1)) || (recombination == "average" && length(recom.rate) !=1))

stop("Incorrect recombination rate for the type of recombination

('map' or 'average').", call. = F)
if (type == "custom" && (is.character(fun) == FALSE || length(fun)
1=2))

stop("One or both custom function names are missing or 'fun' is not
well defined. 'fun' is a character vector of length 2, with the
name of the phenotype and fitness functions e.g. c('phenotype’,
'fitness').", call. = F)

if (!is.null(mutation.rate)) {
if (sum(sapply(1:npop, function(i) { length(table(x[[i]])) != 2}))
= 0)

{

mutation.rate = NULL
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warning("Mutation rate is ignored for non-biallelic genetic
structures. The genetic structure input should contains integers of
values 1 or 2.",call.=F)

}

else if (sum(sapply(l:npop, function(i) {1 %in% x[[i]] && 2 %in%
x[[1]]
}) == FALSE) != @)

{

mutation.rate = NULL

warning("Mutation rate is ignored for non-biallelic genetic
structures. The genetic structure input should contains integers of
values 1 or 2.",call.= F)

}
}

if (npop == 1 && !is.null(migration.rate))
{

migration.rate = NULL

warning("Migration is ignored for simulations with a single
population."”, call. = F)
}

if (!is.null(init.sex) && (length(init.sex) != npop
| |sum(sapply(1:length(x),

function(i) {

nrow(x[[1i]]) !'= length(init.sex[[i]])})) !'= 0))

stop("There is not enough females or males assigned to the initial.
populations.”, call. = F)

pb <- progress_bar$new(format = " Work in progress [:bar] :percent
eta: :eta",total = time, clear = FALSE, width = 100)

switch(recombination, map = {
res <- list()
res[["9"]] <- struct
for (i in 1:time) {
if (i > 1) {
init.sex <- NULL
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y <- lapply(1:npop, function(i) {

append(list(struct[[i]]), list(recom.rate, init.sex[[i]],
mutation.rate, loci.pos = NULL, chromo mb = NULL, param.z[[i]],
param.w[[1i]], fun))

}

)

yl <-y[[1]]

y2 <- y[[2]]

ypl <- y1[[1]]

yp2 <- y2[[1]]

out <- lapply(y, newbornsAll,

recombination = recombination,
type = type,
dominance = dominance,
GXE = GxE, interact=interact,
FDSoption = FDSoption, FDS=FDS, perc=perc,
bands=bands,
tstatus = i, ypl=ypl, yp2=yp2

)

if (!is.null(migration.rate)) {
move <- combn(l:npop, 2)
for (j in 1:ncol(move)) {

nl <- move[l, j]
n2 <- move[2, j]
ratelto2 <- migration.rate[i]
rate2tol <- migration.rate[i]
outd <- migrate(out[[nl]], out[[n2]], ratelto2,

rate2tol)
out[[nl1]] <- outd[[1]]
out[[n2]] <- outd[[2]]

}
}

struct <- out

if (i %% 100==0) res[[paste(i)]] <- struct

pb$tick()
}
}, average = {
res <- list()

res[["©"]] <- struct
for (i in 1:time) {
if (i > 1) {
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init.sex <- NULL

}

y <- lapply(1:npop, function(i) {

append(list(struct[[i]]), list(recom.rate, init.sex[[i]],
mutation.rate, loci.pos, chromo_mb, param.z[[i]], param.w[[i]], fun))

}
)

out <- lapply(y,
newbornsAll,

recombination = recombination,

type = type,

dominance = dominance,

GXE = GxE, interact=interact,
FDSoption = FDSoption, FDS=FDS, perc=perc,

bands=bands,
tstatus = i, ypl=ypl, yp2=yp2 )

if (!is.null(migration.rate)) {
move <- combn(l:npop, 2)
for (j in 1:ncol(move)) {
nl <- move[l, j]
n2 <- movel[2, j]
ratelto2 <- migration.rate[i]
rate2tol <- migration.rate[i]
outd <- migrate(out[[n1]], out[[n2]], ratelto2, rate2tol)
out[[nl1]] <- outd[[1]]
out[[n2]] <- outd[[2]]
}
}

struct <- out
if (i %% 100==0) res[[paste(i)]] <- struct
pb$tick()
¥
¥

stop("Invalid recombination type. Current options are 'map' or
'average'"))

return(res)

The following modification is in C++
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cppFunction("’

NumericVector rcpp_g2p map2(IntegerVector G, IntegerVector dims,
NumericMatrix bvs, double add loci, double sex ratio, double
e v,double inter) {

int i,1,a,k; // for subscripting individual, locus, gene copy
int Ni = dims[@];

int N1 = dims[1];

int Na = dims[2];

double sum;

// allocate space to return the result
NumericVector ret(Ni, 0.0);
NumericMatrix retmat(Ni, 2);

for(i=0; i<Ni; i++) {
sum = 0.0;
for(1=0; 1<N1; 1++) {
for(a=0; a<Na; a++) {
sum += bvs(1l, G[a*(Ni*N1l) + 1*(Ni) + i] - 1);
}
}
ret[i] = sum - add_loci;

NumericVector envi = rnorm(Ni, 0, e v);

for(k=0; k<Ni; k++) {

ret[k] = ret(k) + envi(k) + (inter * envi(k) * ret(k) );

retmat(_, 9)
phenotype
retmat(_, 1)
sex

colnames(retmat) = CharacterVector::create("z", "sex");

ret; // make the 1st col of the return matrix be z

(runif(Ni) < sex_ratio) + 1; // make 2nd col return

return(retmat);

}
")

186



Parameters

These are the parameters needed for the examples below

We use the base random seed function as a pseudo-random generator for reproducibility
set.seed(1)

We then build our glads populations using the initial.struct function included in the
glads package

initial.population.size=400 #Initial population size
n.loci=300 #Number of loci
n.alleles.per.locus=20 #Number of alleles

start.1 <- start.2 <-

initial.struct(initial.population.size,n.loci,n.alleles.per.locus)
start <- list(start.l, start.1) #Initial populations

The selected loci are identified by the following code

loci.pos=1:n.loci # Loci position ;creates a sequence 1 to 300
add.loci=50 # Number of additive loci
fitness.pos <- 125:(125+(add.loci-1)) # Additive loci position

The breeding values are then given

bvs = t( #Breeding value of additive loci
array/( #tsets a matrix
seq(9,1, length = n.alleles.per.locus), #20 values from © to 1
c(n.alleles.per.locus, add.loci) #20 by 50; matrix dimensions
) #columns are repeat of value
)

The fitness function and demographic parameters are assigned to each population

sex.ratio <- 0.5

e.v=0.01 #Stochastic environmental variant
d.v=1 #Stochastic demographic variant
n.gens=100 #Number of generations

recom.map= c(rep(0.5, 299)) #Recombination map; 0.5 repeated 299 times
Linked<-c(60:69, 150:159, 230:239) # Linked loci
recom.map[Linked]<-0.0001 #Recombination map with linked loci
param.wl <- list(b® = 6,bl = 0.25, b2 = 0.5, b3 = 0.01, d.v = d.v,
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add.loci = add.loci) # fitness function parameters
param.w2 <- list(be = 6,bl = 0.25, b2 = 0.5, b3 = 0.01, d.v = d.v,

add.loci = add.loci) # same for parallel selection

param.z1l <- list(

sex.ratio, #0.5

fitness.pos, #125:174 length=50

bvs, #matrix 20vals, rep.x50

add.loci, #50

e.v #Stochastic environmental variant,0.01 # o-env eq.1
)

param.z2 <- param.zl

Example 1: Dominance

This example simulates genetic dominance using glads, which took 2.3 seconds in
Rstudio in a MAC OS 15.1 with 64 bits 4.4 GHz

example.dominance <- evolveAll(

x = start, # initial genetic structure of populations
time = n.gens, # number of generations;

type = "additive", # type of simulated evolution
recombination = "map", # type of recombination

recom.rate = recom.map,
param.z = list(param.zl, param.z2), # phenotype function parameters
param.w = list(param.wl, param.w2), # fitness function parameters

dominance = c(1:20), # dominance hierarchy for alleles
GXE="off"',

FDSoption="off",

migration.rate= rep(@,n.gens) # no migration

)

The output of the glads model now needs to be analysed to generate the genomic
landscape of divergence

First, we need to convert glads to the pegas format

example.loci.dominance <- struct2pegas(example.dominance[[2]])
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Then we need to calculate Fst between the populations

FST.dominance <- pegas::Fst(example.loci.dominance)

avFst.dominance <- sum(FST.dominance)/nrow(FST.dominance) # average
Fst across all loci

An example script for producing a figure of the average Fst is provided below

plot(loci.pos,
FST.dominance[,"Fst"],
pch=16, bty="1",
xlab="Loci position", ylab="Fst",
ylim=c(0,1),

type:"l",
xaxs="1i", yaxs="1i",
las=1, lwd=2

)

A box can be added to show the loci under selection

rect( xleft=125,xright = 174,ybottom=0,ytop=1,title(main="S"',1line
=0.1,cex.main=0.7),border="#CC79A7"') # show selected loci
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Example 2 : Genotype-Environment (GxE) interaction

This example simulates genotype-environment (GXE) interaction using glads, which
took 2.2 seconds in Rstudio in a MAC OS 15.1 with 64 bits 4.4 GHz

example.GXE <- evolveAll(

x = start, # initial genetic structure of populations
time = n.gens, # number of generations

type = "additive", # type of simulated evolution
recombination = "map", # type of recombination

recom.rate = recom.map,

param.z = list(param.zl, param.z2), # phenotype function parameters

param.w = list(param.wl, param.w2), # fitness function parameters

dominance = rep(1,n.alleles.per.locus), # all alleles are equal in
hierarchy, no allele has dominance over another

GxE='on"', # genotype - environment interaction

interact=10, # interaction strength, G in eq.6 of manuscript

FDSoption="off",

migration.rate= rep(@,n.gens)
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The output of the glads model now needs to be analysed to generate the genomic
landscape of divergence

First, we need to convert glads to the pegas format

example.loci.GXE <- struct2pegas(example.GxE[[2]]) # convert to pegas
format

Then we need to calculate Fst between the populations

FST.GXE <- pegas::Fst(example.loci.GxE)

avFst.GE<- sum(FST.GXE)/nrow(FST.GXE) # average Fst across all loci

An example script for producing a figure of the average Fst is provided below

plot(loci.pos,
FST.GXE[,"Fst"],
pch=16, bty="1",
xlab="Loci position", ylab="Fst",
ylim=c(0,1),

type:"l",
xaxs="1i", yaxs="1i",
las=1, lwd=2

)

A box can be added to show the loci under selection

rect( xleft=125,xright = 174,ybottom=0,ytop=1,title(main="S"',1line
=0.1,cex.main=0.7),border="#CC79A7"') # show selected loci
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Example 3 : Frequency dependent selection (FDS)

This example simulates frequency dependent (FDS) selection using glads. FDS can be
negative or positive, and in this example, it is simulated as negative (NFDS). The
simulation took 3.3 seconds in Rstudio in a MAC OS 15.1 with 64 bits 4.4 GHz

example.FDS <- evolveAll(

x = start, # initial genetic structure of populations
time = n.gens, # number of generations

type = "additive", # type of simulated evolution
recombination = "map", # type of recombination

recom.rate = recom.map,
param.z = list(param.zl, param.z2), # phenotype function parameters
param.w = list(param.wl, param.w2), # fitness function parameters
dominance = rep(1,n.alleles.per.locus),

GXE="off"',

FDSoption="on"', # introduce frequency-dependent selection
FDS='negative', # 'negative' or 'positive' frequency-dependent sel.
perc=2, # F in eq.3-5 of manuscript
bands=10, # K in eq.3-5 of manuscript

migration.rate= rep(@,n.gens)
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)

The output of the glads model now needs to be analysed to generate the genomic
landscape of divergence

First, we need to convert glads to the pegas format

example.loci.FDS <- struct2pegas(example.FDS[[2]])

FST.FDS <- pegas::Fst(example.loci.FDS) # calculate Fst between
populations

Then we need to calculate Fst between the populations

FST.FDS <- pegas::Fst(example.loci.FDS)

avFst.FDS <- sum(FST.FDS)/nrow(FST.FDS) # average Fst across all loci

An example script for producing a figure of the average Fst is provided below

plot(loci.pos,
FST.FDS[,"Fst"],
pch=16, bty="1",
xlab="Loci position", ylab="Fst",
ylim=c(0,1),

type:"l",
xaxs="1i", yaxs="1i",
las=1, lwd=2

)

A box can be added to show the loci under selection

rect( xleft=125,xright = 174,ybottom=0,ytop=1,title(main="S"',line
=0.1,cex.main=0.7),border="#CC79A7"') # show selected loci
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Example 4 : Variable migration with dominance, GXE
interaction, and negative FDS

Here, in glads, the following modifications are simulated concurrently:

(1) dominance (2) GxE interaction (3) frequency-dependent selection (4) variable
migration rate

The simulation took 3.4 seconds in Rstudio in a MAC OS 15.1 with 64 bits 4.4 GHz

example.all <- evolveAll(

x = start, # initial genetic structure of populations
time = n.gens, # number of generations

type = "additive", # type of simulated evolution
recombination = "map", # type of recombination

recom.rate = recom.map,
param.z = list(param.zl, param.z2), # phenotype function parameters
param.w = list(param.wl, param.w2), # fitness function parameters

dominance = ¢(3,2,3,4,5,6,5,4,3,2,2,3,4,5,6,5,4,3,2,1), #dom hierarchy
GxE='on"', # genotype - environment interaction
interact=10, # interaction strength, G in eq.6 of manuscript

FDSoption="on"',
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FDS="negative', # negative frequency-dependent selection
perc=2, # F in eq.3-5 of manuscript
bands=10, # K in eq.3-5 of manuscript
migration.rate=c( # migration rate for each of the 100 generations

rep(0,10),

seq(9.01,0.1,0.01),rep(0.1,10),rev(seq(0.01,0.1,0.01)),
rep(0,20),

seq(9.01,0.1,0.01),rep(0.1,10),rev(seq(0.01,0.1,0.01)),
rep(0,10))

)

The output of the glads model now needs to be analysed to generate the genomic
landscape of divergence

First, we need to convert glads to the pegas format

example.loci.all <- struct2pegas(example.all[[2]])

Then we need to calculate Fst between the populations

FST.all <- pegas::Fst(example.loci.all)

avFst.all <- sum(FST.all)/nrow(FST.all) # average Fst across all loci

An example script for producing a figure of the average Fst is provided below

plot(loci.pos,
FST.all[,"Fst"],
pch=16, bty="1",
xlab="Loci position", ylab="Fst",
ylim=c(0,1),

type:"l",
xaxs="1i", yaxs="1i",
las=1, lwd=2

)

A box can be added to show the loci under selection

rect( xleft=125,xright = 174,ybottom=0,ytop=1,title(main="S"',1line
=0.1,cex.main=0.7),border="#CC79A7"') # show selected loci
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B o Supplementary material: Chapter 3

Appendix 1
Supporting Information Appendix S1 for the manuscript:

The effect of Dobzhansky-Muller incompatibilities on the genomic landscape of

divergence under parallel and divergent selection
Questions to: Hisham A.A. Ali. Department of Zoology, University of Oxford.
Email: hisham.a.ali@gmail.com

This vignette provides a description of how to set up glads in R and four examples
implementing the modifications from this manuscript.

Example 1 : Epistasis probability method
Example 2 : Epistasis map method
Example 3 : gen02glads

Example 4 : Positive epistasis
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R set up

Within R, the following packages need to be installed:

library('ape')
library('ade4")
library('adegenet')
library('pegas')
library('Rcpp"')
library('abind")
library('parallel')
library('progress"')
library('ggplot2')
library('dplyr')
library('caTools"')

The glads package can be cloned from Github in terminal by running the following

commands

git clone https://github.com/erigande/glads

R CMD INSTALL --no-multiarch --with-keep.source glads
After installing glads, the library can be loaded into R

library('glads"')

New R and C++ Functions

These are the modified R functions.

The modified evolve function

evolveM <-
function (x, time,

type = c("constant"”, "dynamic", "additive","custom"),

recombination = c("map", "average"),
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recom.rate,
loci.pos = NULL, chromo _mb = NULL,

init.sex = NULL,

migration.rate = NULL,
mutation.rate = NULL,

param.z = NULL, param.w = NULL,

fun = c(phenotype = NULL, fitness = NULL),

DMI.type= c("probability","epistasis"),epistasis.map,pDMI,

h,
traitl.loci,trait2.loci

)

npop <- length(x)
struct <- X
if (is.list(x) == F)

stop("Initial populations should be a list of arrays.", call. = F)

if (recombination == "average" && (is.null(loci.pos)

|| is.null(chromo_mb)))

stop("Loci position or size of the chromosome is missing with no

default for 'average' recombination.",call. = F)
if ((recombination == "map" && length(recom.rate) != (dim(x[[1]])[2]
- 1)) || (recombination == "average" && length(recom.rate) != 1))

stop("Incorrect recombination rate for the type of recombination ('map

or 'average').",call. = F)

if (type == "custom" && (is.character(fun) == FALSE || length(fun)

1= 2))

stop("One or both custom function names are missing or 'fun' is not we
11 defined. 'fun' is a character vector of length 2, with the name of

the phenotype and fitness functions e.g. c('phenotype', 'fitness').",

call. = F)
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if (!is.null(mutation.rate)) {
if (sum(sapply(1l:npop, function(i) {
length(table(x[[i]])) != 2
») =0) {

mutation.rate = NULL

warning("Mutation rate is ignored for non-biallelic genetic structures
. The genetic structure input should contains integers of values 1 or
2.", call. = F)

}

else if (sum(sapply(1l:npop, function(i) {
1 %in% x[[1]] && 2 %in% x[[i]]

}) == FALSE) != 0) {
mutation.rate = NULL

warning("Mutation rate is ignored for non-biallelic genetic structures
. The genetic structure input should contains integers of values 1 or
2.",call. = F)

}

}

if (npop == 1 && !is.null(migration.rate)) {
migration.rate = NULL

warning("Migration is ignored for simulations with a single population

", call. = F)

if (!is.null(migration.rate)) {
if (length(migration.rate) == 1) {
disp = matrix(rep(migration.rate, npop * npop), nrow = npop,
ncol = npop, byrow = TRUE)
diag(disp) <- 1
}

else {
disp = migration.rate
diag(disp) <- 1
if (sum(dim(migration.rate) != npop) != @)

stop("Migration should be a single value or an square matrix of order
equal to the number of populations.", call. = F)
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if (!is.null(init.sex) && (length(init.sex) != npop || sum(sapply(
1:1length(x),
function(i) {

nrow(x[[i]]) !'= length(init.sex[[i]]) })) != 0))

stop("There is not enough females or males assigned to the initial pop

ulations.", call. = F)

pb <- progress bar$new(format = " Work in progress [:bar] :percent eta

:eta", total = time, clear = FALSE, width = 100)
switch(recombination, map = {
res <- list()
for (i in 1:time) {
if (1 > 1) {

init.sex <- NULL

}

y <- lapply(1:npop, function(i) {
append(list(struct[[i]]), list( recom.rate, init.sex[[i]],
mutation.rate,
loci.pos = NULL,

chromo_mb = NULL,
param.z[[i]],

param.w[[i]],
fun,
paste('pop',i,sep = ""))) # change
})
out <- lapply( y, newbornsM,

recombination = recombination,
type = type,DMI.type=DMI.type,

epistasis.map=epistasis.map,pDMI,

h, traitl.loci,trait2.loci
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if (!is.null(migration.rate)) {

move <- combn(l:npop, 2)

for (j in 1:ncol(move)) {
nl <- move[l, j]
n2 <- movel[2, j]
ratelto2 <- disp[nl, n2]
rate2tol <- disp[n2, n1]
outd <- migrate(out[[n1]], out[[n2]], ratelto2,

rate2tol)

out[[nl]] <- outd[[1]]
out[[n2]] <- outd[[2]]

struct <- out
if (i%%time == @) res <- struct
pb$tick()
}
¥

average = {
res <- list()
for (i in 1:time) {
if (i > 1) {
init.sex <- NULL

}
y <- lapply(1:npop, function(i) {
append(list(struct[[i]]),
list(recom.rate,

init.sex[[i]],
mutation.rate,

loci.pos,
chromo_mb,
param.z[[i]], param.w[[i]],

fun,paste('pop',i,sep = "")))

1)
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out <- lapply(y, newbornsM,

recombination = recombination,
type = type,

DMI.type=DMI.type, epistasis.map=epistasis.map,pDMI,

h,traitl.loci,trait2.loci)

if (!is.null(migration.rate)) {

move <- combn(l:npop, 2)

for (j in 1:ncol(move)) {
nl <- move[l, j]
n2 <- movel[2, j]
ratelto2 <- disp[nl, n2]
rate2tol <- disp[n2, n1]
outd <- migrate(out[[n1]], out[[n2]], ratelto2,

rate2tol)

out[[nl]] <- outd[[1]]
out[[n2]] <- outd[[2]]

struct <- out
if (i%%time == @) res <- struct
pb$tick()
}
¥

stop("Invalid recombination type. Current options are 'map' or

"average'"))
return(res)

The modified newborns function

newbornsM <-
function (x, recombination, type,DMI.type,epistasis.map,pDMI,h,

traitl.loci,trait2.loci)

{
struct <- x[[1]]
recom.rate <- x[[2]]
init.sex <- x[[3]1]
mutation.rate <- x[[4]]
loci.pos <- x[[5]]
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chromo_mb <- x[[6]]

param.z <- x[[7]1]
param.w <- x[[8]]
fun <- x[[91]1]
popID <- x[[10]]
switch(type,

constant = {
mean.fitness <- 2

if (!is.null(mutation.rate)) {

struct<- mutationM(struct,mutation.rate,popID,pDMI)

}

n <- nrow(struct)
if (n%%2 == 0) {
Z <- as.data.frame(cbind(sex = sample(rep(9:1, each = n /2)) + 1))
rownames(z) = rownames(struct)
} else {

neven = floor(n) + floor(n)%%2 - 2
z <- as.data.frame(cbind(sex = c(

sample(rep(0:1, each = neven/2) ), sample(0:1, 1)) + 1))

rownames(z) = rownames(struct)

}

if (!is.null(init.sex)) {
Zz <- as.data.frame(cbind(sex = init.sex))
rownames(z) = rownames(struct)

}

z$z <- rep(mean.fitness, n)

}s

dynamic = {
sex.ratio <- param.z[[1]]
mean.fitness <- param.w[[1]]
d.d <- param.w[[2]]
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if (!is.null(mutation.rate)) {

struct<- mutationM(struct,mutation.rate,popID,pDMI)

}

n <- nrow(struct)
z <- as.data.frame(cbind(sex = rbinom(n, 1, sex.ratio) + 1))

z$z <-

}s

rownames(z) = rownames(struct)
round(pmax(rpois(n, lambda = mean.fitness) - d.d * n, @))

additive = {

zs.traitl <-
sex.ratio, e.

zs.trait2 <-
sex.ratio, e.

sex.ratio <- param.z[[1]]
fitness.pos <- param.z[[2]]

bvs <- param.z[[3]]

add.loci <- param.z[[4]]

e.v <- param.z[[5]]

bo <- param.w[[1]]
bl.traitl <- param.w[[2]]
bl.trait2 <- param.w[[3]]
b2.traitl <- param.w[[4]]
b2.trait2 <- param.w[[5]]
b3 <- param.w[[6]]
d.v <- param.w[[7]]
n.loci <- param.w[[8]]

trait.correlation <- param.w[[9]]
if (!is.null(mutation.rate)) {
struct<- mutationM(struct,mutation.rate,popID,pDMI)

}

struct.fit.traitl <- struct[, traitl.loci, ]
struct.fit.trait2 <- struct[, trait2.loci, ]
traitl.bvs<- match(traitl.loci,fitness.pos)
trait2.bvs<- match(trait2.loci,fitness.pos)

phenotypeM(struct.fit.traitl, bvs[traitl.bvs,], add.loci,
v,struct,DMI.type,epistasis.map,h,bl.traitl,traitl.loci)

phenotypeM(struct.fit.trait2, bvs[trait2.bvs,], add.loci,
v,struct,DMI.type,epistasis.map,h,bl.trait2,trait2.loci)

ploid<-dim(struct)[3]
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fit <- fitnessM( zs.traitl,zs.trait2, # trait fitness
dim(zs.traitl)[1], # number of indiv.=
bo,
bl.traitl,bl.trait2, # bl for each trait
b2.traitl,b2.trait2, # b2 for each trait
b3, d.v,
trait.correlation,
ploid,traitl.loci,trait2.loci

Z <- cbind(sex = zs.traitl[, "sex"], z = fit)

# sex generated for each pheno , we will just use from traitl
# as both are random assignments based on sex.ratio

}s

custom = {
if (!is.null(mutation.rate)) {

struct<- mutationM(struct,mutation.rate,popID, pDMI)

}

zs <- do.call(fun[1], append(list(struct = struct), param.z))
fit <- do.call(fun[2], append(list(z = zs[, "z"], sex = zs[, "sex"],

n = dim(zs)[1]), param.w))

z <- cbind(sex = zs[, "sex"], z = fit)

}s

stop("Invalid type of evolution. Current options are 'constant', 'dyna
mic', 'additive', and 'custom'"))

pairs <- mating(z, struct)
mums <- pairs[[1]]
dads <- pairs[[2]]

struct.rt <- array(NA, dim(mums))
switch(recombination, map = {

struct.rt[, , 1] <-rcpp_recombo segregate(mums, dim(mums), recom.rate)
struct.rt[, , 2] <-rcpp_recombo segregate(dads, dim(dads), recom.rate)
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}, average = {

struct.rt[, , 1] <- rcpp_recombo_segregate expo(mums, dim(mums),

loci.pos, chromo_mb, recom.rate)

struct.rt[, , 2] <- rcpp_recombo segregate expo(dads, dim(dads),

loci.pos, chromo_mb, recom.rate)

}s

stop("Invalid recombination type. Current options are 'map' or 'averag

e'™)

return(struct.rt)

The modified mutation function

mutationM <-
function (G, mutation.rate,popID,pDMI)

{
n <- dim(G)[1]
nl <- dim(G)[2]
nmut <- rbinom(1, (nl * n * 2), mutation.rate) #mutation total num
DMInmut<- rbinom(1,nmut,pDMI) # how many mutations are DMI type
Nnmut<- nmut - DMInmut # non-DMI mutation number
Npos <- sample(l:(nl * n * 2), Nnmut) # non-DMI mutation position
DMIpos <- sample(1l:(nl * n * 2), DMInmut) # DMI mutation position
switch(
popID,
popl = {
G[Npos] <- G[Npos]%%2 + 3 # 182 -> 483
G[DMIpos] <- G[DMIpos]%%2 + 5 # 1&2 -> 6&5
¥
pop2 = {
G[Npos] <- G[Npos]%%2 + 7 # 1&2 -> 8&7
G[DMIpos] <- G[DMIpos]%%2 + 9 # 1&2 -> 10&9
}
)
return(G)
¥
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The modified phenotype function

phenotypeM<-
function (G, bvs, add.loci, sex.ratio, e.v,G.all,DMI.type,epistasis.
map=epistasis.map,h,bl,trait.position)

{
dims <- dim(G)
bl<-as.numeric(bl)

# not all Lloci used for DMI calculation, only for Lloci for that trait

switch(DMI.type,
probability={

NDMIpA<-rep(0,nrow(G))
NDMIpB<-rep(0,nrow(G))

incompat<-rep(0,nrow(G))
bl<-as.numeric(bl)

for (i in 1:nrow(G)) {

# DMI incompatabilies only arise with migration
nDMIpA[i]<' 1ength( G[i))] [ G[i))] == 5 | G[i))] == 6 ] )
# how many 5|6 DMI
nDMIpB[i]<- length( G[i,,] [ G[i,,] == 9 | G[i,,] == 10 1)
# how many 10|9 DMI
incompat[i]<- min(nDMIpA[i] , nDMIpB[i] )

}

fitDEC<-rep(0@,length(incompat))

for (i in 1:length(incompat)) { # change
fitDEC[i]<- h(incompat[i])

}
}s

epistasis = {

incompat<- rep(@,nrow(G.all)) # length is number of ind.
fitDEC<-rep(0,nrow(G.all))

for (i in 1:nrow(G.all)) { # for each ind.

DMIscoreMAT<-matrix(data=rep(@),nrow=ncol(G.all),ncol=ncol(G.all))
# non-used loci remain as ©
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for (j in trait.position ) { # number of loci
for (k in trait.position ) { # number of loci
if(epistasis.map[j,k]== 1){
# when incompatability exists between j and k

if( G.all[i,],1]

= G.all[i,j,1] == 6 | G.all[i,j,2] == 5 |
G.all[i,j,2] == 6 )

5 |
{ # loci j is 5|6

if( G.all[i,k,1] == 9 | G.all[i,k,1] == 10 | G.all[i,k,2] == 9 |
G.all[i,k,2] == 106 ) { # loci k is 9|10

DMIscoreMAT[j,k] <- 1 # non-used loci remain as ©

if ( length(

G.all[i,c(k,j),] [ G.all[i,c(k,j),] ==5 | G.all[i,c(k,j),] == 6 ]
) + length(
G.all[i,c(k,j),] [ G.all[i,c(k,j),] ==9 | G.all[i,c(k,j),] == 10 ]
) =4 )
{
DMIscoreMAT[j,k] <- 2 # non-used loci remain as ©
}
}
}else if(
G.all[i,j,1] == 9 | G.all[i,j,1] == 10 |
G.all[i,j,2] == 9 | G.all[i,j,2] == 10 ){ # loci j is 9|10
if(
G.all[i,k,1] == 5 | G.all[i,k,1] ==6 |
G.all[i,k,2] == 5 | G.all[i,k,2] == 6 ) { # loci k is 5|6
DMIscoreMAT[j,k] <- 1 # non-used loci remain as ©

if ( length(
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G.all[i,c(k,j),] [ G.all[i,c(k,j),] ==5 | G.allf[i,c(k,j),] ==6 1]

)
+ length(
G.all[i,c(k,j),] [ G.all[i,c(k,j),] == 9 | G.all[i,c(k,j),] == 10
1 ) =4 )
DMIscoreMAT[j,k] <- 2 # non-used loci remain as ©
}
}
}
}
}
}
incompat[i]<-sum(DMIscoreMAT)
fitDEC[i]<- h(incompat[i])
}
¥

stop("Invalid type of DMI. Current options are 'probability' and 'epi

stasis'")

)

rcpp_g2p_mapM(G, dims, bvs, add.loci, sex.ratio, e.v,bl,fitDEC)

The modified fitness function

fitnessM <-
function( zs.traitl,zs.trait2,
N,
bo,

bl.traitl,bl.trait2,
b2.traitl,b2.trait2,

b3, d.v,

trait.correlation,
ploid,traitl.loci,trait2.loci
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ze.traitl <- zs.traitl],

z"]
ze.trait2 <- zs.trait2[, "z"]

a <- be

bltl <- bl.traitl
blt2 <- bl.trait2
b2t1l <- b2.traitl
b2t2 <- b2.trait2

tc<- trait.correlation

tldev<- ( ( (ze.traitl) - (bltl*ploid*length(traitl.loci)) ) / (b2t1l*

ploid*length(traitl.loci)) )

t2dev<- ( ( (ze.trait2) - (blt2*ploid*length(trait2.loci)) ) / (b2t2*

ploid*length(trait2.loci)) )
corr<- (- @0.5 * (1- tc”2) )

w <- round( ( a * exp( corr * ( ( tldev”*2) - ( 2 * tc * tldev *

t2dev ) + ( t2dev”2 ) ) ) ) - (b3*N) + rnorm(N, @, d.v) ,0)

w <- ifelse(w < @, 0, w)
return(w)

The following modification is in C++

cppFunction('
NumericVector rcpp_g2p mapM(IntegerVector G, IntegerVector dims, Numer
icMatrix bvs, double add loci, double sex ratio, double e v, double bl

, NumericVector fitDEC) {

int i,1l,a,k; // for subscripting individual, locus, gene copy then

int Ni = dims[@];
int N1 = dims[1];
int Na = dims[2];

double sum;
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// allocate space to return the result
NumericVector ret(Ni, 0.0);
NumericMatrix retmat(Ni, 2);

for(i=0; i<Ni; i++) {
sum = 0.0;
for(1=0; 1<N1; 1++) {
for(a=0; a<Na; a++) {
sum += bvs(1l, G[a*(Ni*Nl) + 1*(Ni) + i] - 1);
}

}

ret[i] = sum - add_loci;

}
NumericVector envi = rnorm(Ni, 0, e v);
for(k=0; k<Ni; k++) {

ret[k] = ret[k] + envi[k] + ( ( ( ( ret[k] + envi[k] ) - b1 ) /
(C ( ret[k] + envi[k] ) - b1 ) ) ) *( -1 * fitDEC[k]) );

}

retmat(_, 0) = ret;

// make the first column of the return matrix be z, the phenotype
retmat(_, 1) = (runif(Ni) < sex_ratio) + 1;

// make the second column of the return be sex

colnames(retmat) = CharacterVector::create("z", "sex");

return(retmat);

}
")

Geno2glads

abs

geno2glads<- function(segData, # seqdata = .geno file of sequence data

SEEDS #random number generator seed
ini.ind) { # pop. size for glads

Ht s #it
### format .geno file #i#t#
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e TR TR R R R R TR R R R R INR I

Geno.t<-t(segDatal,-1]) # trim to get rid of row numbering
Geno.t[1,1] <- "ID"

colnames(Geno.t) <- Geno.t[1,]

Geno.t<-Geno.t[-1,]

rownames(Geno.t) <- Geno.t[,1]

Geno.t<-Geno.t[,-1] # reshaping data

nl<-apply(Geno.t,1:2,function(i) strsplit(i,split="")[[1]]1[1])
# split diploid sets into two

n2<-apply(Geno.t,1:2,function(i) strsplit(i,split="")[[1]]1[2])

2 PN it
## make bases numeric #i##
2 PN it
ni[nl %in% "A"] <- 1
ni[nl %in% "C"] <- 2
ni[nl %in% "G"] <- 3
ni[nl %in% "T"] <- 4
ni[nl %in% "N"] <- NA

nl<-apply(nl,2, as.numeric)
rownames(nl)<-rownames(n2)

n2[n2 %in% "A"] <- 1
n2[n2 %in% "C"] <- 2
n2[n2 %in% "G"] <- 3
n2[n2 %in% "T"] <- 4
n2[n2 %in% "N"] <- NA

n2<-apply(n2,2, as.numeric)
rownames(n2)<-rownames(nl)

2 N NP it
## data structure #it#
2 N NP it
struct.t@<-1ist(nl,n2) # put nl and n2 together in list, length=2

L<-list(struct.to[[1]], struct.to[[2]])

struct.t@0<-array(unlist(L),
dim = c(nrow(L[[1]]), # dim is that of nl and n2

ncol(L[[1]]),
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length(L)), # 2
dimnames=1list(rownames(L[[1]]),colnames(L[[1]]), 1:2 ))

dato@<-as.data.frame(rbind(struct.tO[[1]],struct.to[[2]]) )

# nl and n2 in data frame
rownames (dat@)<-1:nrow(date)

e ##
## generating population based on data #ii#
## remove na.s ##

## create counts table ##

## create artificial pop. ##

FH e 8 0 8 0 8 0 8 0 00 8 80 N 0 N NN NN NN NN NN N N N N N I ##

snp<-lapply(1l:ncol(dat®@), function(i){ table(dat®[[i]], exclude=NA) })
# remove na from data;creates a count table

set.seed(SEED)

Pop<-sapply(1l:ini.ind, function(i){

sapply(1:ncol(struct.t@[[1]]), function(j)

{ # ncol(nl)=2533;snp number

nl<-sample(names(snp[[j]1]),1,T, prob=snp[[j]])
#using weightings to sample; 1 sample; this will be one of the alleles

n2<-sample(names(snp[[j]1]),1,T, prob=snp[[j]])
# weighted by occurrence based on count(done by table() to give SNP)

return(list(nl, n2))
# we are doing this twice, 2533 loci for 400 ind.
i) # ; so we get 5066 loci bases for 400 ind.

}) # so we get 400 ind. with 2 copies at 2533 loci; genome size=5066

2 PP PPN PP PPN #it
## modify to evolve format #i##
HHt NN #it

Pop<-t(Pop) # data flipped; dimensions are now reversed

even<-seq_len(ncol(Pop)) %% 2 ==0
# for 400 ind. string of true (even) and false(odd)

nl<-Pop[, even] # calls even col.s of nl, ind.
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n2<-Pop[, !even] # calls odd col.s of nl, ind.

nl<-apply(nl,2, as.numeric) # set to columns, coerce numeric
n2<-apply(n2,2, as.numeric)
L<-1list(nl,n2) # string together, 2 sets of 5066,200
startOUT <- array(unlist(L), # all L in string
dim = c(nrow(L[[1]]), # setting dimensions for array
ncol(L[[1]]),

length(L)), # 2 ; dim(start)=400,2533,2
dimnames=1ist(1:ini.ind,colnames(dat@), 1:2 )

)

dimStart<-dim(startouT)
biallelic<-array(

rep(1),

dimStart)
for(i in 1:nrow(biallelic) ) {

for (k in 1:ncol(biallelic)){

ifelse ((startOUT[i,k,1] != startOUT[i,k,2]),biallelic[i,k,2]<-2 ,

biallelic[i,k,2]<-1)
}
}

return(biallelic)

Parameters

These are the parameters needed for the examples below

We use the base random seed function as a pseudo-random generator for
reproducibility

set.seed(1)

We then build our glads populations using the initial.struct functionincluded
in the glads package

initial.population.size=400 #Initial population size
n.loci=300 #Number of loci
n.alleles.per.locus=2 #Number of alleles; biallelic for mutation
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start.1 <- start.2 <- initial.struct(initial.population.size,n.loci,
n.alleles.per.locus)
start <- list(start.l, start.1l) #Initial populations

The selected loci are identified by the following code, and the breeding value is
then given

loci.pos=1:n.loci # Loci position ;creates a sequence 1 to 300
add.loci=50 #Number of additive loci
fitness.pos <- 125:(125+(add.loci-1)) #Additive loci position

The breeding values are then given

bvsM = t( # Breeding value of additive loci
array (
seq(@,1, length = n.alleles.per.locus),
)
)

The fitness function and demographic parameters are assigned to each
population

sex.ratio <- 0.5
e.v=0.01 # Stochastic environmental variant
d.v=1 # Stochastic demographic variant

recom.map= c(rep(@.5, 299))
Linked<-c(60:69, 150:159, 230:239)

#Linked loci; the values between the : are in a sequence
recom.map[Linked]<-0.0001

#Recombination map with linked loci;only the values stated above take

mutationR <- 1.1*10"-4
# mutation rate # (400*600)*(1.1*10"-4) = 26.4

# ~ approx. 26 mutations per gen per pop (52.8 both pop.s/gen)

param.z1lM <- list(

sex.ratio, #0.5

fitness.pos, #125:174 length=50

bvsM, #matrix 20vals, rep.x50

add.loci, #50

e.v #Stochastic environmental variant,0.01 # o-env eq.1

)

param.z2M <- param.z1lM

param.wlm <- list( b9 = 6,
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bl.traitl 0.6, bl.trait2 = 0.6,

b2.traitl 1.6 , b2.trait2 = 1.6,

b3 = 0.006, d.v = d.v, add.loci = add.loci,
trait.correlation = 0

param.w2m <- list( b9 = 6,
bl.traitl 0.6, bl.trait2 = 0.1,
b2.traitl 1.6 , b2.trait2 = 1.6,
b3 = 0.006, d.v = d.v, add.loci = add.loci,
trait.correlation= 0

)

# trait 1 is under parallel selection, as bl.traitl is the same
# trait 2 is under divergent selection, as bl.traitl is different
mtrate<-0.1

migration.rate<- 0.01

traitl.loci <- c( 125:134, 145:154, 165:174)

trait2.loci<- c( 135:144, 155:164)

n.gens<-1000

Example 1: epistasis probability method

This simulation runs the epistasis probability method, which took 18.6 seconds in
Rstudio in a MAC OS 15.1 with 64 bits 4.4 GHz

Here, a negative custom epistatic fitness function

h<-function(x) {
-(2 * x)
}

The simulation is run using the code below

examplePR<-evolveM(

x = start, # initial genetic structure of pop.
time = n.gens, # number of generations

type = "additive", # type of simulated evolution
recombination = "map", # type of recombination

recom.rate = recom.map, # vector, no. loci - 1
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migration.rate = migration.rate,

mutation.rate = mtrate,

param.z = list(param.z1lM, param.z2M),#tphenotype function parameters
param.w = list(param.wlm, param.w2m), # fitness function parameters
DMI.type= "probability", # method of modelling epistasis

# epistasis.map = # for epistatic map method
pDMI = 0.5, # DMI probability
h=h, # custom epistasis function

traitl.loci=traitl.loci, # loci that contribute to trait 1
trait2.loci=trait2.loci # loci that contribute to trait 2

)

dim(examplePR[[1]])
dim(examplePR[[2]])

Analysis for the glads output

First we need to replace values in the output with 1s and 2s

exampleP1R <- examplePR[[1]] # sub-pop 1
exampleP2R <- examplePR[[2]] # sub-pop 2

# these are non-DMI mutations converted to 1,2 allele of equivalent
bvs

exampleP1R[ examplePl1R == 4 ] <- 1

exampleP2R[ exampleP2R == 4 ] <- 1
exampleP1R[ examplePlR == 8 ] <- 1
exampleP2R[ exampleP2R == 8 ] <- 1
exampleP1R[ examplePl1R == 3 ] <- 2
exampleP2R[ exampleP2R == 3 ] <- 2
exampleP1R[ examplePl1R == 7 ] <- 2
exampleP2R[ exampleP2R == 7 ] <- 2

we then rebind the population
exampleP12Rm <-list(exampleP1R,exampleP2R)

we need to convert the data from struct to pegas

exampleP12R <- struct2pegas(exampleP12Rm)

Then we need to calculate Fsr between the populations

FSTPR <- pegas::Fst(exampleP12R)
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An example script for producing a figure of the average Fsris provided below

plot(

1.0

0.8

0.6

Fst

0.4

0.2

0.0

loci.pos,

FSTPR[, "Fst"],
pch=16,

bty="1",
xlab="Locus position",
main= 'Example 1',
ylab="Fst",
ylim=c(0,1),
type="1",
xaxs="1i",
yaxs="1i",

las=1,

lwd=2

Example 1

I I I I I I
50 100 150 200 250 300

Locus position

Example 2: epistasis map method
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First we need to define the epistatic map, which took 8.3 minutes in Rstudio in a
MAC OS 15.1 with 64 bits 4.4 GHz

epiMAP<-matrix(
data=sample(©:1,n.loci*n.loci,replace =T),

# matrix is of 1 and @ ; 1 is a interaction
nrow=n.loci,
ncol=n.loci,
byrow=TRUE
)

The code below runs the simulation

exampleMP<-evolveM(

x = start, # initial genetic structure of pop.
time = n.gens, # number of generations

type = "additive", # type of simulated evolution
recombination = "map", # type of recombination

recom.rate = recom.map, # vector, no. loci - 1
migration.rate = migration.rate,
mutation.rate = mtrate,

param.z = list(param.z1lM, param.z2M),# phenotype function parameters
param.w = list(param.wlm, param.w2m),# fitness function parameters

traitl.loci=traitl.loci, loci that contribute to trait 1

DMI.type= "epistasis", # method of modelling epistasis, here map
epistasis.map = epiMAP, # for epistatic map method
pDMI = 0.5, # DMI probability
h=h, # custom epistasis function
#
#

trait2.loci=trait2.loci loci that contribute to trait 2

)

Analysis for the glads output
First, we need to replace values in the output with 1s and 2s

exampleM1P <- exampleMP[[1]] # sub-pop 1

exampleM2P <- exampleMP[[2]] # sub-pop 2

#these are non-DMI mutations converted to 1,2 allele of equivalent bvs

exampleM1P[ exampleMlP == 4 ] <- 1
exampleM2P[ exampleM2P == 4 ] <- 1
exampleM1P[ exampleMlP == 8 ] <- 1
exampleM2P[ exampleM2P == 8 ] <- 1

exampleM1P[ exampleMlP == 3 ] <- 2
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exampleM2P[ exampleM2P == 3 ] <- 2

exampleM1P[ exampleMlP == 7 ] <- 2
exampleM2P[ exampleM2P == 7 ] <- 2
we then rebind the population

exampleM12Pm <-list(exampleM1P,exampleM2P)
we need to convert the data from struct to pegas
exampleM12P <- struct2pegas(exampleM12Pm)
Then we need to calculate Fsr between the populations

FST <- pegas::Fst(exampleM12P)

avFst<- sum(FST)/nrow(FST) # average FST
An example script for producing a figure of the average Fsris provided below

plot(loci.pos,
FST[,"Fst"],
pch=16,
b'ty:"]_",
xlab="Locus position",
main="'Example 2",

ylab="Fst",
ylim=c(0,1),
type="1",
xaxs="1i",
yaxs="1i",
las=1,

lwd=2
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Example 2
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Example 3 : geno2glads

This example implements the geno2glads function for implementing sequence
data (in the .geno) into the glads model. This sequence data is then applied to the
glads model evolve function, using the DMI probability method outlined in
example 1.

This example took 18.4 seconds in Rstudio in a MAC OS 15.1 with 64 bits 4.4 GHz
First, a.genofile is loaded into R

Geno <-read.table("165-129K ZF ified 17.geno", header=F, comment.char
= IIII)

The .geno dataset is then formatted in R

Geno.t<-t(Geno[,-1]) # trim to get rid of row numbering
Geno.t[1,1] <- "ID"
colnames(Geno.t) <- Geno.t[1,] # make col 1 colnames
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Geno.t<-Geno.t[-1,] # then delete col 1
rownames(Geno.t) <- Geno.t[,1] # make row 1 rowname
Geno.t<-Geno.t[,-1] # then delete row 1 # reshaping data
loci.pos<-as.numeric(colnames(Geno.t) ) # create vector of col.names
loci.pos<-loci.pos-loci.pos[1] + 1  # Loci position
chromo_mb<-max(loci.pos) # Chromosome size

crossover <- 6.0/100000000.0

# Average recombination rate, here 6 * 107-8 cM/MB

seq_Data<- Geno[ «c(1, sample(2:nrow(Geno),300) ) , ]

# sample that keeps row 1 for structure, but samples remaining rows

The geno2glads function is then used to generate the starting populations for the
evolve function. Here, randomly generated populations ( using a pseudo-
replicator seed through the SEED parameter) generates populations that have the
same allele frequency as the data in the .geno file.

startl2s<- geno2glads(segData=seq_Data, # seqdata = .geno file

SEED=1, # seed used
ini.ind=400) # pop. size

In this example, two identical populations are applied to glads

start.1l<-startl2s
start.2<-startl2s

The evolve function is simulated accordingly

exampleGG <-evolveM(

x = list(start.1, start.2), # initial genetic structure of pop.
time = n.gens, # number of generations

type = "additive", # type of simulated evolution
recombination = "map", # type of recombination

recom.rate = recom.map, # vector, no. loci - 1

migration.rate = migration.rate,
mutation.rate = mtrate,
param.z = list(param.z1lM, param.z2M), # phenotype function
param.w = list(param.wlm, param.w2m), # fitness function
DMI.type= "probability", # method of modelling epistasis

# epistasis.map = # for epistatic map method
pDMI = 0.5, # DMI probability
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h=h, # custom epistasis function
traitl.loci=traitl.loci, # loci that contribute to trait 1
trait2.loci=trait2.loci # loci that contribute to trait 2

)

Analysis for the glads output

First, we need to replace values in the output with 1s and 2s

exampleG1lG <- exampleGG[[1]] # sub-pop 1

exampleG2G <- exampleGG[[2]] # sub-pop 2

exampleG1G[ exampleGlG == 4 ] <- 1
exampleG2G[ exampleG2G == 4 ] <- 1
exampleG1G[ exampleGlG == 8 ] <- 1
exampleG2G[ exampleG2G == 8 ] <- 1
exampleG1G[ exampleGlG == 3 ] <- 2
exampleG2G[ exampleG2G == 3 ] <- 2
exampleG1G[ exampleGlG == 7 ] <- 2
exampleG2G[ exampleG2G == 7 ] <- 2

we then rebind the population

exampleG12Gm <-list(exampleG1lG,exampleG2G) # rebind populations

we need to convert the data from struct to pegas

exampleG12G <- struct2pegas(exampleG1l2Gm)

Then we need to calculate Fsr between the populations

FSTGG <- pegas::Fst(exampleG1l2G)

An example script for producing a figure of the average Fsris provided below

plot( 1:n.loci ,
FSTGG[, "Fst"],
pch=16,
b'ty:" 1 n ,
xlab="Locus position",
main= 'Example 3',

ylab="Fst",
ylim=c(0,1),
type="1",
xaxs="1i",
yaxs="1i",
las=1,

lwd=2
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Example 4 : positive epistasis

Here, we simulate positive epistasis using the probability method, which took 19.7
seconds in Rstudio in a MAC OS 15.1 with 64 bits 4.4 GHz

First, we define a positive monotonic custom epistasis function

h<-function(x) {
(0.3 * x)
}

The evolve function is simulated accordingly
exampleE<-evolveM(

x = start, # initial genetic structure of pop.
time = n.gens, # number of generations
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type = "additive", # type of simulated evolution

recombination = "map", # type of recombination

recom.rate = recom.map, # vector, no. loci - 1

migration.rate = migration.rate,

mutation.rate = mtrate,

param.z = list(param.z1lM, param.z2M),# phenotype function parameters
param.w = list(param.wlm, param.w2m),# fitness function parameters

DMI.type= "probability", # method of modelling epistasis

# epistasis.map = # for epistatic map method
pDMI = 0.5, # DMI probability
h=h, # custom epistasis function
traitl.loci=traitl.loci, # loci that contribute to trait 1
trait2.loci=trait2.loci # loci that contribute to trait 2

Analysis for the glads output

First, we need to replace values in the output with 1s and 2s

examplelE <- exampleE[[1]] # sub-pop 1

example2E <- exampleE[[2]] # sub-pop 2

#these are non-DMI mutations converted to 1,2 allele of equivalent bvs

examplelE[ examplelE == 4 ] <- 1
example2E[ example2E == 4 ] <- 1
examplelE[ examplelE == 8 ] <- 1
example2E[ example2E == 8 ] <- 1
examplelE[ examplelE == 3 ] <- 2
example2E[ example2E == 3 ] <- 2
examplelE[ examplelE == 7 ] <- 2
example2E[ example2E == 7 ] <- 2

we then rebind the population

examplel2EE <-list(examplelE,example2E)

we need to convert the data from struct to pegas

exampleP12E <- struct2pegas(examplel2EE)

Then we need to calculate Fsr between the populations

FSTPR <- pegas::Fst(exampleP12E)

An example script for producing a figure of the average Fs; is provided below
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plot( loci.pos,

Fst

1.0

0.8

0.6

0.4

0.2

0.0

FSTPR[, "Fst"],
pch=16,

bty="1",
xlab="Locus position",
main= 'Example 4',
ylab="Fst",
ylim=c(0,1),
type="1",
xaxs="1i",
yaxs="1i",

las=1,

lwd=2
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C o Supplementary material: Chapter 4

Appendix 1

Supporting Information Appendix S1 for the manuscript:
Effects of selection and hybridisation barriers on the genomic landscape of introgression
Questions to: Hisham A.A. Ali. Department of Zoology, University of Oxford.

Email: hisham.ali@biology.ox.ac.uk

This vignette provides a description of how to set up glads in R and four examples
implementing the modifications from this manuscript.

Example 1 : Selection
Example 2 : Reduced hybrid fitness
Example 3 : Heterosis

Example 4 : Genes of large effect
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R set up

Within R, the following packages need to be installed:

library('ape')
library('ade4')
library('adegenet')
library('pegas')
library('Rcpp"')
library('abind")
library('parallel')
library('progress"')
library('ggplot2')
library('dplyr"')
library('caTools"')

The glads package can be cloned from Github in terminal by running the following

commands

git clone https://github.com/erigande/glads

R CMD INSTALL --no-multiarch --with-keep.source glads

After installing glads, the library can be loaded into R

library('glads"')

New R functions

The modified migrate function

migrate uniDIR <-
function (G1, G2, ratelto2, rate2tol)
{
nl <- dim(G1)[1]
n2 <- dim(G2)[1]
L <- dim(G1)[2]
g <- 2
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pl <- ifelse(runif(nl) < ratelto2, 2, 1)

p2 <- ifelse(runif(n2) < @, 1, 2)

ret <- rcpp_dispersal placement(Gl, G2, dim(Gl), dim(G2), pl, p2)
dim(ret[[1]]) <- c(sum(c(pl, p2) == 1), L, g)

dim(ret[[2]]) <- c(sum(c(pl, p2) == 2), L, g)

ret

The modified newborns function

newborns HR <-
function (x, recombination, type,
htz.locus,hm.strength, ht.strength,ht.sex # Haldane's rule

)
{
struct <- x[[1]]
recom.rate <- x[[2]]
init.sex <- x[[3]1]
mutation.rate <- x[[4]]
loci.pos <- x[[5]]
chromo_mb <- x[[6]]
param.z <- x[[7]1]
param.w <- x[[8]]
fun <- x[[91]1]
pop <- x[[10]]
time.t <- x[[11]]

switch(type, constant = {
mean.fitness <- 2
n <- nrow(struct)
if (n%%2 == 0) {
Z <- as.data.frame(cbind(sex = sample(rep(@:1, each = n/2)) + 1))
rownames(z) = rownames(struct)
} else {
neven = floor(n)
Z <- as.data.frame(cbind(sex

-+

floor(n)%%2 - 2
c(sample(rep(@:1, each = neven/2)),

sample(9:1, 1)) + 1))
rownames(z) = rownames(struct)

if (!is.null(init.sex)) {
Z <- as.data.frame(cbind(sex = init.sex))
rownames(z) = rownames(struct)

}

z$z <- rep(mean.fitness, n)

¥

dynamic = {
sex.ratio <- param.z[[1]]
mean.fitness <- param.w[[1]]
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d.d <- param.w[[2]]
n <- nrow(struct)
z <- as.data.frame(cbind(sex = rbinom(n, 1, sex.ratio) + 1))
rownames(z) = rownames(struct)
z$z <- round(pmax(rpois(n, lambda = mean.fitness) - d.d * n, 0))
s
additive = {
sex.ratio <- param.z[[1]]
fitness.pos <- param.z[[2]]
bvs <- param.z[[3]]
add.loci <- param.z[[4]]
e.v <- param.z[[5]]
bo <- param.w[[1]]
bl <- param.w[[2]]
b2 <- param.w[[3]]
b3 <- param.w[[4]]
d.v <- param.w[[5]]
n.loci <- param.w[[6]] # fitness change
struct.fit <- struct[, fitness.pos, ]
zs <- phenotype(struct.fit, bvs, add.loci, sex.ratio, e.v)
fit <- fitnessAdj(zs, dim(zs)[1], b, bl, b2, b3, d.v, n.loci,time.t)
# fitness change #change fun name &add n.loci

if ( length(fit) »>=1 ) {
for (h in 1: length(fit) ) {
if( struct[h,htz.locus,1] != struct[h,htz.locus,2] ) { # heterozygote
if( zs[, "sex"][h] == ht.sex ) { # heterogametic sex
fit[h] <- round( ( fit[h] * ht.strength ),0 )
fit[h] <- ifelse( fit[h] < @, @, fit[h])

}
else if ( zs[, "sex"][h] != ht.sex ) { # homogametic sex
fit[h] <- round( ( fit[h] * hm.strength ),0 )

fit[h] <- ifelse( fit[h] < @, @, fit[h])

}
}

z <- cbind(sex = zs[, "sex"], z = fit)
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}s

custom = {
zs <- do.call(fun[1], append(list(struct = struct), param.z))
fit <- do.call(fun[2], append(list(time.t = time.t, z = zs[,"z"],

sex = zs[, "sex"],

n = dim(zs)[1]), param.w) )
z <- cbind(sex = zs[, "sex"], z = fit)

}s

stop("Invalid type of evolution. Current options are 'constant', 'dyna
mic', 'additive', and 'custom'"))

if (length(unique(z[, "sex"])) > 1 && !0 %in% aggregate(z ~ sex, data
=z, sum)$z) {

pairs <- mating(z, struct)

mums <- pairs[[1]]

dads <- pairs[[2]]

if (!is.null(mutation.rate)) {
mums <- mutation(mums, mutation.rate)
dads <- mutation(dads, mutation.rate)

}

struct.rt <- array(NA, dim(mums))
switch(recombination, map = {
struct.rt[, , 1] <- rcpp_recombo segregate(mums,

dim(mums), recom.rate)
struct.rt[, , 2] <- rcpp_recombo segregate(dads,

dim(dads), recom.rate)
¥

average = {

struct.rt[, , 1] <- rcpp_recombo segregate expo(mums,

dim(mums), loci.pos, chromo _mb, recom.rate)
struct.rt[, , 2] <- rcpp_recombo segregate expo(dads,

dim(dads), loci.pos, chromo _mb, recom.rate)

}s

stop("Invalid recombination type. Current options are 'map' or 'avera
gelll))
}

else {
struct.rt <- struct[o, , ]

}

return(struct.rt)

}
232



The modified evolve function

evolve mod <-
function (

X, time, type = c("constant”, "dynamic", "additive","custom"),

recombination = c("map", "average"), recom.rate, loci.pos = NULL,
chromo mb = NULL, init.sex = NULL, migration.rate = NULL,
mutation.rate = NULL, param.z = NULL, param.w = NULL,

fun = c(phenotype = NULL, fitness = NULL),

admixture = list(taxa = NULL, dd = FALSE, nmin = 10),

htz.locus,hm.strength, ht.strength,ht.sex # Haldane's rule
)
{
npop <- length(x)
struct <- x
if (is.na(time[2]) == F) {
each <- time[2]
}
else {
each <- time[1]
}
time <- time[1]
if (is.list(x) == F)

stop("Initial populations should be a list of arrays.", call. = F)

if (recombination == "average" && (is.null(loci.pos)

|| is.null(chromo_mb)))

stop("Loci position or size of the chromosome is missing with
no defau 1t for 'average' recombination.", call. = F)

if ((recombination == "map" && length(recom.rate) != (dim(x[[21]])[2] -
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1)) || (recombination == "average" && length(recom.rate) != 1))

stop("Incorrect recombination rate for the type of recombination ('map
' or 'average').", call. = F)

if (type == "custom" && (is.character(fun) == FALSE || length(fun) !=
2))
stop("One or both custom function names are missing or 'fun' is not we
11 defined. 'fun' is a character vector of length 2, with the name of
the phenotype and fitness functions e.g. c('phenotype', 'fitness').",
call. = F)

if (!is.null(mutation.rate)) {
if (sum(sapply(1l:npop, function(i) {

length(table(x[[1]])) != 2})) !=0) {
mutation.rate = NULL

warning("Mutation rate is ignored for non-biallelic genetic structures
. The genetic structure input should contains integers of values 1 or
2.", call. = F)

}

else if (sum(sapply(1l:npop, function(i) {
1 %in% x[[1]] && 2 %in% x[[i]]
}) == FALSE) != 0) {
mutation.rate = NULL

warning("Mutation rate is ignored for non-biallelic genetic structures
. The genetic structure input should contains integers of values 1 or
2.", call. = F)

}

}

if (npop == 1 && !is.null(migration.rate)) {
migration.rate = NULL

warning("Migration is ignored for simulations with a single population
", call. = F)

}

if (!is.null(migration.rate)) {
dispchange <- time
if (is.list(migration.rate))
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dispchange <- c(migration.rate[[1]], dispchange)
disp <- mmatrix(migration.rate, npop)

}

if (!is.null(init.sex) && (length(init.sex) != npop
|| sum(sapply(1:length(x),
function(i) {

nrow(x[[i]]) '= length(init.sex[[i]]) 1})) != @))

stop("There is not enough females or males assigned to the initial pop
ulations.", call. = F)

pb <- progress_bar$new(format = " Work in progress [:bar] :percent eta

:eta", total = time, clear = FALSE, width = 100)

switch(recombination, map = {
res <- list()
if (each != time) res[["©"]] <- struct
for (i in 1:time) {
if (i > 1) {
init.sex <- NULL

y <- lapply(1:npop, function(j) { append(list(struct[[j]]),

list(recom.rate, init.sex[[j]],
mutation.rate, loci.pos = NULL,

chromo mb = NULL, param.z[[j]], param.w[[j]], fun, j, i
))- )

out <- lapply(y, newborns HR,

recombination = recombination, type = type,
htz.locus,hm.strength, ht.strength,ht.sex

)

if (!is.null(migration.rate)) {
move <- combn(l:npop, 2)
p <- which(i <= dispchange)[[1]]
dispp <- disp[, , p]
if (!is.null(admixture$taxa)) {
dispp <- admix(x = out, mr = dispp, taxa = admixture$taxa,
dd = admixture$dd, nmin = admixture$nmin)
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for (j in 1:ncol(move)) {
nl <- move[l, j]
n2 <- movel[2, j]
ratelto2 <- dispp[nl, n2]
rate2tol <- dispp[n2, n1]
outd <- migrate uniDIR(out[[nl1l]], out[[n2]], ratelto2, rate2tol)
out[[nl]] <- outd[[1]]
out[[n2]] <- outd[[2]]
}
}

struct <- out
if (i%%each == @) {
if (each != time) {
class(struct) <- c("struct", "array")
res[[paste(i)]] <- struct
} else {
class(struct) <- c("struct", "array")
res <- struct

}

}
pb$tick()

}
}, average = {
res <- list()
if (each != time) res[["©"]] <- struct
for (i in 1:time) {
if (i > 1) {
init.sex <- NULL

}

y <- lapply(1:npop, function(j) {append(list(struct[[]j]]),
list(recom.rate, init.sex[[j]], mutation.rate, loci.pos,

chromo_mb, param.z[[j]], param.w[[j]], fun, j, i))

1)

out <- lapply(y, newborns HR,

recombination = recombination, type = type,
htz.locus,hm.strength, ht.strength,ht.sex )

if (!is.null(migration.rate)) {
move <- combn(l:npop, 2)
p <- which(i <= dispchange)[[1]]
dispp <- disp[, , p]
if (!is.null(admixture$taxa)) {
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dispp <- admix(x = out, mr = dispp, taxa admixture$taxa,
dd = admixture$dd, nmin = admixture$nmin)
¥

for (j in 1:ncol(move)) {
nl <- move[l, j]
n2 <- movel[2, j]
ratelto2 <- dispp[nl, n2]
rate2tol <- dispp[n2, ni1]
outd <- migrate uniDIR(out[[n1]], out[[n2]], ratelto2,rate2tol

)
out[[nl1]] <- outd[[1]]

out[[n2]] <- outd[[2]]
}
}

struct <- out
if (i%%each == 0) {
if (each != time) {
class(struct) <- c("struct", "array")
res[[paste(i)]] <- struct
} else {
class(struct) <- c("struct", "array")
res <- struct

}
}
pb$tick()
}
¥

stop("Invalid recombination type. Current options are 'map' or 'averag

e'™)

return(res)

The modified fitness function

fitnessAdj <-
function(z,N,b0,b1,b2,b3, d.v, add.loci,time.t)

{
ze <- z[, "z"]
ng <- add.loci # fitness change # use ng
a <- be
b <- bl
c <- b2

w <- round( a*exp(-((ze-b*ng)”2)/(2*(c*ng)”~2) ) - b3*N +
rnorm(N,9,d.v) , Q)

W <- ifelse(w<0,0,w)
return(w)
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Parameters

These are the parameters needed for the examples below

We use the base random seed function as a pseudo-random generator for
reproducibility

set.seed(1)

We then build our glads populations using the initial.struct functionincluded
in the glads package

initial.population.size=400 #Initial population size
n.loci=300 #Number of loci
n.alleles.per.locus=2 #Number of alleles; biallelic for mutation

start.1 <- start.2 <- initial.struct(initial.population.size,n.loci,
n.alleles.per.locus)
start <- list(start.l, start.1) #Initial populations

The selected loci are identified by the following code, and the breeding value is
then given

loci.pos=1:n.loci # Loci position
add.loci=50 # Number of additive loci
fitness.pos <- 125:(125+(add.loci-1)) # Additive loci position

The linkage map is given by

recom.map <- c( rep(0.1,149), # linkage pattern, for 300 loci, linked
rep(0.5,150) # unlinked

)

The fitness function parameters are then defined for the populations

bl <- 0.4

d.v <- 1 #Stochastic demographic variant
param.wl <- list(b@ = 4,bl = bl, b2 = 0.8, b3 = 9.005, d.v = d.v, add.
loci = 200)

param.w2 <- list(b® = 4,bl = bl, b2 = 0.8, b3 = 9.004, d.v = d.v, add.

loci = 200)

Breeding values are allocated for the alleles
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bvs.ad <- array( rep(0.4), dim = c( add.loci,2 ) )

bvM <- bl/2 # optimal breeding value
devitn <- 0.4 # selection (difference in fitness of breeding values
)
bvs.ad[,1] <- rnorm( add.loci,
mean = bvM ,
sd = 0.15

)

bvs.ad[,2] <- rnorm( add.loci,
mean = bvM + devitn ,
sd = 0.15

)

The phenotype function parameters are then defined for the populations

sex.ratio <- 0.5
e.v <- 0.01 # Stochastic environmental variant

param.z1l <- list(
sex.ratio,
fitness.pos,

bvs.ad, # matrix, add.loci * number of alleles
add.loci,
e.v # o0-env eq.l

)

param.z2 <- param.zl

Example 1 : Selection

This example looks at the landscape of introgression due to selection, which took
8.1 seconds in Rstudio in a MAC OS 15.1 with 64 bits 4.4 GHz

n.gens <- 1000
n.gens.out<-100

testl <- evolve mod (

x = start, # initial genetic structure of pop.
time = c(n.gens,n.gens.out), # number of gen.s; how often recorded
type = "additive", # type of simulated evolution
recombination = "map", # type of recombination

recom.rate = recom.map,
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migration.rate= 0.0005 , # unidir mig. pop. 1 -> 2 only

param.z = list(param.zl, param.z2), # phenotype function parameters
param.w = list(param.wl, param.w2) # fitness function parameters
,htz.locus = 250,hm.strength = 1 , ht.strength = 1, ht.sex =1

)

The output of the glads modelis then analysed accordingly to generate the
genomic landscape of introgression

migrant_fq <- matrix( rep(®), nrow = 2 , ncol = n.loci )

host fq <- matrix( rep(®), nrow = 2 , ncol = n.loci )

landscape _introg <- matrix( rep(-1), nrow = 2 , ncol = n.loci )

for (i in 1: n.loci ) {
migrant fq[1,i] <- sum ( testi[["500"]1]1[[2]1] [,i,] == '1")
host fq[1,i] <- sum ( testi[["500"]1]1[[2]1] [,i,] == '2")
landscape_introg[1,i] <- migrant_fq[1,i] / ( migrant_fq[1,i] + host

_f q[1,i] )

migrant_fq[2,1i] <- sum ( testil[["1000"]1][[2]] [,i,] == '1")
host_fq[2,1i] <- sum ( testil[["1000"]1][[2]] [,i,] == '2")
landscape_introg[2,i] <- migrant_fq[2,i] / ( migrant_fq[2,i] + host

_fa[2,1] )

}

An example script for producing a figure of the genomic landscape of introgression
is provided below

plot( loci.pos,
landscape _introg[2,],
pch=16,
bty="1",
xlab="Locus position",
ylab="Introgression Proportion",
main= 'Example 1°,
ylim=c(e,1),
type="1",
xaxs="i",
yaxs="1i",
las=1,
lwd=2

)

The landscape of introgression for the other population is added by the pink line

lines ( loci.pos, landscape introg[1,],type="'1", col="#CC6677"' )
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Example 2: Reduced hybrid fitness

In this example, only hybrids of the homogametic sex have a lower fithess in
hybrids

In this example, the male is the heterogametic sex (individuals assigned = 1)

This example took 7.6 seconds in Rstudio in a MAC OS 15.1 with 64 bits 4.4 GHz

n.gens <- 1000
n.gens.out<-100

test2 <- evolve mod (
x = start, # initial genetic structure of pop.

time = c(n.gens,n.gens.out), # number of gen.s; how often recorded

type = "additive", # type of simulated evolution
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recombination = "map", # type of recombination

recom.rate = recom.map,

migration.rate= 0.0005 , # unidir mig. pop. 1 -> 2 only

param.z = list(param.zl, param.z2), # phenotype function parameters
param.w = list(param.wl, param.w2), # fitness function parameters
htz.locus = 250,hm.strength = 1 , ht.strength = 0.4, ht.sex = 1

)

The output of the glads modelis then analysed accordingly to generate the
genomic landscape of introgression

migrant_ 2fq <- matrix( rep(®), nrow = 2 , ncol = n.loci )
host 2fq <- matrix( rep(®), nrow = 2 , ncol = n.loci )
landscape 2introg <- matrix( rep(-1), nrow = 2 , ncol = n.loci )
for (i in 1: n.loci ) {
migrant_2fq[1,1i] <- sum ( test2[["500"]]1[[2]] [,i,] == "1")
host_2fq[1,1i] <- sum ( test2[["500"]]1[[2]] [,i,] == '2")
landscape 2introg[1l,i] <- migrant 2fq[1,i] / ( migrant_2fq[1,i] + h
ost_2fq[1,i] )
migrant_2fq[2,1] <- sum ( test2[["1000"]1][[2]] [,i,] == '1")
host 2fq[2,i] <- sum ( test2[["1000"]1]1[[2]1] [,i,] == "2")
landscape 2introg[2,i] <- migrant 2fq[2,i] / ( migrant_2fq[2,i] + h

ost 2fq[2,i] )

}

An example script for producing a figure of the genomic landscape of introgression
is provided below

plot( loci.pos,
landscape 2introg[2,],
pch=16,
bty="1",
xlab="Locus position",
ylab="Introgression Proportion",
main= 'Example 2',
ylim=c(0,1),
type="1",
xaxs="i",
yaxs="1i",
las=1,
lwd=2

)
The landscape of introgression for the other population is added by the pink line
lines ( loci.pos, landscape 2introg[1,],type="1", col="#CC6677"' )
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Example 3 : Heterosis

in this model, the hybrids of the hetrogametic sex display heterosis (hybrid vigour)
in this model, female is the heterogametic sex

This example took 9.6 seconds in Rstudio in a MAC OS 15.1 with 64 bits 4.4 GHz

n.gens <- 1000
n.gens.out<-100

test3 <- evolve mod (

x = start, # initial genetic structure of pop.
time = c(n.gens,n.gens.out) # number of gen.s; how often recorded
type = "additive", # type of simulated evolution
recombination = "map", # type of recombination

recom.rate = recom.map,

migration.rate= 0.0005 , # unidir mig. pop. 1 -> 2 only

param.z = list(param.zl, param.z2), # phenotype function parameters
param.w = list(param.wl, param.w2) # fitness function parameters
,htz.locus = 250,hm.strength = 1.3 , ht.strength = 1, ht.sex = 2

)
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The output of the glads model is then analysed accordingly to generate the
genomic landscape of introgression

migrant_3fq <- matrix( rep(®), nrow = 2 , ncol = n.loci )
host 3fq <- matrix( rep(®), nrow = 2 , ncol = n.loci )
landscape 3introg <- matrix( rep(-1), nrow = 2 , ncol = n.loci )
for (i in 1: n.loci ) {
migrant 3fq[1,i] <- sum ( test3[["500"]1]1[[2]1] [,i,] == "1")
host 3fq[1,i] <- sum ( test3[["500"]1]1[[211 [,i,] = '2")

landscape 3introg[1,i] <- migrant 3fq[1,i] / ( migrant_3fq[1,i] + h
ost 3fq[1,i] )

migrant_3fq[2,1] <- sum ( test3[["1000"]1][[2]] [,i,] == '1")
host_3fq[2,1i] <- sum ( test3[["1000"]1][[2]] [,i,] == '2")
landscape 3introg[2,i] <- migrant 3fq[2,i] / ( migrant_3fq[2,i] + h

ost 3fq[2,i] )
}

An example script for producing a figure of the genomic landscape of introgression
is provided below

plot( loci.pos,
landscape 3introg[2,],
pch=16,
bty="1",
xlab="Locus position",
ylab="Introgression Proportion",
main= 'Example 3',
ylim=c(0,1),
type="1",
xaxs="i",
yaxs="1i",
las=1,
lwd=2

)

The landscape of introgression for the other population is added by the pink line

lines ( loci.pos, landscape 3introg[1,],type="'1", col="#CC6677"' )
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Example 4 : Genes of large effect

In this example, the breeding values are adjusted to simulate genes of large effect

Below, the breeding values are adjusted to simulate genes of large effect. In this
example, 10 selected loci are simulated as large effect loci explaning 55% of the
phenotype

This example took 7.4 seconds in Rstudio in a MAC OS 15.1 with 64 bits 4.4 GHz

no.lrge.eff <- 10 # number of large effect loci
not.lrge.eff <- length(fitness.pos) - no.lrge.eff

# number of non- large effect loci

large.effect <- .55 / no.lrge.eff

# 10 loci explain 55 % of phenotype

non.large.effect <- 0.45 / not.lrge.eff
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# 40 loci explain 45 % of phenotype
large.effect.pos <-sample(length(fitness.pos),no.lrge.eff,replace = F)

weight <- rep(non.large.effect,length(fitness.pos))
weight [large.effect.pos] <- large.effect # create a vector of cand. a
nd non-cand. Weights, sum(weight) = 1

bvs.adj <- bvs.ad # create new matrix for weighted bvs

bvs.adjs <- bvs.ad * add.loci # as we are multiplying the vector by
weights, standerdise with loci number
# to correct for this - if all bvs same then same total after weightin

g
for ( i in 1l:nrow(bvs.adjs) ) {
bvs.adj[i,] <- bvs.adjs[i,] * weight[i]

}

Parameters for the population phenotype function are given below

param.zla <- list(

sex.ratio, # 0.5

fitness.pos, # 125:174 length=50

bvs.adj, # matrix 20vals, rep.x50

add.loci, # 50

e.v # Stochastic environmental variant,0.01 # o-env eq.1
)

param.z2a <- param.zla

The model is simulated using the code below

n.gens <- 1000
n.gens.out <- 100

test4 <- evolve mod (

x = start, # initial genetic structure of pop.
time = c(n.gens,n.gens.out), # number of gen.s; how often recorded
type = "additive", # type of simulated evolution
recombination = "map", # type of recombination

recom.rate = recom.map,

migration.rate= 0.0005 , # unidir mig. pop. 1 -> 2 only

param.z = list(param.zla, param.z2a),# phenotype function parameters
param.w = list(param.wl, param.w2) # fitness function parameters
,htz.locus = 250,hm.strength = 1 , ht.strength = 1, ht.sex = 2

)
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The output of the glads model is then analysed accordingly to generate the
genomic landscape of introgression

migrant_4fq <- matrix( rep(®), nrow = 2 , ncol = n.loci )
host_4fq <- matrix( rep(®), nrow = 2 , ncol = n.loci )
landscape 4introg <- matrix( rep(-1), nrow = 2 , ncol = n.loci )

for (i in 1: n.loci ) {

migrant_4fq[1,i] <- sum ( test4[["500"]]1[[2]] [,i,] == '1")

host_4fq[1,1i] <- sum ( test4[["5@0"]]1[[2]] [,i,] == '2")

landscape 4introg[1l,i] <- migrant_4fq[1,i] / ( migrant_4fq[1,i] + h
ost_4fq[1,i] )

migrant_4fq[2,i] <- sum ( test4[["1000"]1][[2]] [,i,] == '1")

host_4fq[2,1] <- sum ( test4[["1000"]]1[[2]] [,i,] == "2")

landscape 4introg[2,i] <- migrant_4fq[2,i] / ( migrant_4fq[2,i] + h
ost_4fq[2,1i] )

}

An example script for producing a figure of the genomic landscape of introgression
is provided below

plot( loci.pos,
landscape 4introg[2,],
pch=16,
bty="1",
xlab="Locus position",
ylab="Introgression Proportion",
main= 'Example 4',
ylim=c(e,1),
type="1",
xaxs="i",
yaxs="1i",
las=1,
lwd=2

)

The landscape of introgression for the other population is added by the pink line

lines ( loci.pos, landscape 4introg[1,],type="1", col="#CC6677"' )
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Abstract

When populations colonise new environments, they may be exposed to novel selec-
tion pressures but also suffer from extensive genetic drift due to founder effects,
small population sizes and limited interpopulation gene flow. Genomic approaches
enable us to study how these factors drive divergence, and disentangle neutral ef-
fects from differentiation at specific loci due to selection. Here, we investigate pat-
terns of genetic diversity and divergence using whole-genome resequencing (>22x
coverage) in Berthelot's pipit (Anthus berthelotii), a passerine endemic to the islands of
three north Atlantic archipelagos. Strong environmental gradients, including in patho-
gen pressure, across populations in the species range, make it an excellent system
in which to explore traits important in adaptation and/or incipient speciation. First,
we quantify how genomic divergence accumulates across the speciation continuum,
that is, among Berthelot's pipit populations, between sub species across archipela-
gos, and between Berthelot's pipit and its mainland ancestor, the tawny pipit (Anthus
campestris). Across these colonisation timeframes (2.1 million-ca. 8000 years ago), we
identify highly differentiated loci within genomic islands of divergence and conclude
that the observed distributions align with expectations for non-neutral divergence.
Characteristic signatures of selection are identified in loci associated with craniofa-
cial/bone and eye development, metabolism and immune response between popula-
tion comparisons. Interestingly, we find limited evidence for repeated divergence of
the same loci across the colonisation range but do identify different loci putatively
associated with the same biological traits in different populations, likely due to paral-
lel adaptation. Incipient speciation across these island populations, in which founder
effects and selective pressures are strong, may therefore be repeatedly associated

with morphology, metabolism and immune defence.

KEYWORDS
birds, craniofacial evolution, divergence landscape, genomic islands, immune defence, parallel
adaptation, speciation
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1 | INTRODUCTION

Genetic differentiation among populations accumulates over time
due to a combination of differing adaptive and neutral processes
(Feder et al., 2013; Seehausen et al., 2014). The speed at which di-
vergence occurs and the resulting genomic landscape depend on the
strength of these selective and neutral forces (including drift, muta-
tion and gene flow) occurring within and among populations (Nosil
et al.,, 2009). Across the genome, loci under differential selection
in single or multiple populations are expected to diverge first with
neutrally evolving genomic regions typically differentiating more
slowly (Walsh et al., 2019). Demographic history, such as previous
bottlenecks or inbreeding, may also lead to radical changes in the
genome, but the effects of these events are expected to occur more
evenly throughout the genome (Kimura, 1991; Nei, 2005; Quilodran
et al., 2020). Genomic approaches provide an opportunity to study
the genetic landscape of divergence among populations, enabling
the relative importance of differing evolutionary forces driving
divergence to be determined (Bergstrém et al., 2022; Estandia
et al., 2023; Ravinet, Faria, et al., 2017; Stajich & Hahn, 2005).

Upon colonisation of new environments, populations may be ex-
posed to novel selective pressures, which may result in rapid ecolog-
ical and phenotypic divergence between populations (Lamichhaney
et al., 2015; Walsh et al., 2019). Selection may then act on standing
genetic variation or de novo mutations (Estandia et al., 2023). When
a locally beneficial allele arises at a locus, positive selection may
cause it to rapidly increase in frequency in one population, resulting
in a local selective sweep, while in the other population that allele
may be lost through drift or purifying selection, or remain at low
frequencies (Hejase et al., 2020; Ravinet, Faria, et al., 2017). During
the initial stages of divergence genetic differentiation is expected
to be localised with peaks of divergence around selected loci, often
referred to as ‘genomic islands of divergence’ (Burri et al., 2015;
Ellegren et al., 2012; Nadeau et al., 2012; Nosil et al., 2009). Such
areas can be responsible for the accumulation of genetic and pheno-
typic differences between populations, which may play a fundamen-
tal role in speciation (Ruegg et al., 2014; Via & West, 2008). As well
as genomic islands of divergence, highly conserved genomic regions
- where differentiation is far below background levels - have been
identified in a range of species (Hofer et al., 2012; Ravinet, Yoshida,
etal., 2017; Sendell-Price et al., 2020; Van Doren et al., 2017). These
‘genomic valleys of divergence’ may occur because the same allele
is favoured in both populations (parallel or balancing selection)
(Nielsen, 2005; Roesti et al., 2012; Spurgin & Richardson, 2010)
or linked neutral loci are favoured through background selection
(Cvijovic et al., 2018), leaving a distinct signature of reduced genetic
diversity in both populations (Roesti et al., 2014). Furthermore, re-
duced recombination and background selection can also result in the
formation of genomic islands through linkage to selected loci (Noor
& Bennett, 2009). Individual-based modelling can be used to fur-
ther determine if observed patterns align with expectations for non-
neutral divergence or if they likely result from stochastic events (Ali
et al., 2023; Sendell-Price et al., 2020).

Linkage disequilibrium may facilitate divergence hitchhiking
of neutral (and weakly selected or deleterious) loci in proximity to
strongly selected loci, resulting in broad genomic islands surround-
ing these loci (Maynard-Smith & Haigh, 1974; Nosil et al., 2009;
Nosil & Feder, 2012; Via, 2012). Broad peaks of divergence often
form as a result of recent selection, where recombination has not
yet acted upon the regions around the selected loci. Over time re-
combination erases the effect of divergence hitchhiking, by reduc-
ing linkage, which may result in sharp peaks surrounding selected
loci (Nosil et al., 2009). However, recombination does not act evenly
across the genome and population processes including limited gene
flow and small effective population sizes (N,) are associated with re-
duced recombination rate, which in turn maintains large regions of
divergence (Feder & Nosil, 2010). Discerning and dating the combi-
nation of evolutionary processes that have shaped genetic diversity
between populations is complex, particularly since the same pattern
has the potential to evolve as a result of differing evolutionary sce-
narios. Therefore, studies need to combine observations of the di-
vergence landscape with knowledge of past and present population
processes to determine the relative roles of drift and selection in
the divergence of a particular genomic region (Nosil & Feder, 2012;
Ravinet, Faria, et al., 2017).

Newly established populations may also be strongly influenced
by founder effects, which result in a loss of genetic diversity (Barton
& Charlesworth, 1984; Berry, 1986; Harrison, 1991). The character-
istics of divergence over time are then mediated by the level and
timing of gene flow between populations (Delmore et al., 2020;
Rasdanen & Hendry, 2008; Ravinet, Faria, et al., 2017), although new
species can emerge across differing levels of genetic isolation (Bay
& Ruegg, 2017; Kirkpatrick & Ravigné, 2002; Li et al., 2010; Martin
et al., 2013). Genetic drift may also act particularly strongly in small,
genetically isolated, populations which can result in the rapid loss or
fixation of genetic variants (Alleaume-Benharira et al., 2006). The
impact of such processes may be exaggerated by sequential founder
events and the cumulative effects of drift through a chain of coloni-
sation events (Clegg et al., 2002; Prugnolle et al., 2005; Tomozawa
et al., 2014).

The search for genes associated with selection has often in-
volved using genomic patterns of F.; - a measure of the relative
difference in allele frequencies between populations. However,
since the mechanisms underlying differentiation between popu-
lations can be complex, contrasting different measures of genetic
diversity can be helpful for inferring differing modes of divergence
between populations (Delmore et al., 2018; Irwin et al., 2018;
Osmond & Coop, 2020), and a range of diversity statistics can be
used (Reviewed in Wolf & Ellegren, 2017), as well as individual-based
modelling to disentangle neutral and selective drivers of divergence
(Ali et al., 2023).

Island populations of Berthelot's pipit (Anthus berthelotii) and its
mainland sister species, the tawny pipit (Anthus campestris), provide
an excellent system to explore genomic patterns of divergence and
speciation across divergence timescales and known colonisation
events (Armstrong et al., 2018; lllera et al., 2007; Martin et al., 2023;
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Spurgin et al., 2014). The ancestor of these two species colonised the
Canary Islands from mainland Africa ca. 2.1 million years ago (Mya)
and dispersed independently to both the Madeiran and Selvagens
archipelagos ca. 50 thousand years ago (kya) and 8 kya respectively
(Martin et al., 2023). Previous research suggests colonisation is as-
sociated with reduced genetic diversity through founder effects and
an absence of post-colonisation gene flow across the Berthelot's
pipit range (Gonzalez-Quevedo et al., 2015; Spurgin et al., 2014).
This is confirmed by signatures of inbreeding - runs of homozygosity
(ROH)>1Mb - across the recently colonised archipelagos (Martin
et al., 2023). Across the species' range, strong genetic structure ex-
ists between, but not within, Berthelot's pipit populations at the ar-
chipelago level (Armstrong et al., 2018; Martin et al., 2021).

Importantly, across the Berthelot's pipit system there are strong
selection gradients, including climate, habitat and pathogen re-
gimes (lllera et al., 2016). For example, different populations have
considerable, and temporally consistent, variation in the prevalence
of avian pox and malaria (lllera et al., 2008; Spurgin et al., 2012),
which has enabled previous studies of host-pathogen evolution
(Gonzalez-Quevedo et al., 2014, 2015; Sheppard et al., 2022). Such
pathogens can exert strong selective pressures on avian popula-
tions (Liao et al., 2017). There are also significant morphological
differences across the system, with reduced body and bill size in
Berthelot's pipit compared to the tawny pipit, and archipelago-
level variation in bill morphology and body size in Berthelot's pipit
(Armstrong et al., 2018; Spurgin et al., 2014). Berthelot's pipit is clas-
sified into two subspecies: Anthus berthelotii berthelotii inhabits the
Canary Islands and Selvagens, while Anthus berthelotii madeirensis,
which inhabits the Madeiran islands, is characterised by longer bill
lengths (Arctander et al., 1996; lllera et al., 2007) and larger body
size (Spurgin et al., 2014). The relative role of selection and founder
effects in shaping divergence for this trait is currently not clear
(Armstrong et al., 2018).

Reduced representation sequencing (RAD-seq) markers have
previously been used to investigate selection across the Berthelot's
pipit range, both at broad (Armstrong et al., 2018) and fine (Martin
et al., 2021) geographical scales. The strongest signatures of selec-
tion were identified between archipelagos, compared to between
island populations within archipelagos. Loci near to or within genes
associated with immunity, metabolism and bill length were identified
as being divergent. However, it is not clear to what extent patterns
of diversity in these genomic regions are shaped by drift and selec-
tion, and it is likely many divergent loci in the genome have gone
undetected as a result of unsequenced genomic regions.

To uncover loci of importance for divergence and adaptation,
we use whole-genome resequencing to assess genomic landscapes
of divergence across sequentially colonised archipelagos by the
Berthelot's pipit and its ancestor. Our specific aims were: (1) to deter-
mine how divergence has accumulated across the genome between
Berthelot's pipits and its mainland relative the tawny pipit (ca. 2.1
Mya), as well as between more recently divergent archipelago popu-
lations of Berthelot's pipit (colonised ca. 50 and 8 kya); (2) to identify
genomic islands and valleys of divergence and (3) to understand how
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drift and selection have interacted to shape variation across these
genomic regions. To generate hypotheses about potential adaptive

phenotypes, we identify candidate genes in regions under selection.

2 | METHODS

2.1 | Avian sampling, genome resequencing and
variant calling

Berthelot's pipit was sampled across the three Macaronesian
archipelagos of its range, to which it is endemic (the Canary,
Madeiran and Selvagens archipelagos; see Figure 1). These islands
have formed as a result of volcanic activity 1-26 million years
ago (Florencio et al., 2021) and support a range of habitats across
which the Berthelot's pipit is relatively abundant (Garcia-del-rey &
Cresswell, 2007). We used Berthelot's pipit blood samples (n=11)
from individuals across six island populations (spanning the three
archipelagos) to maximise the geographical range of samples and to
account for differences in habitat, pathogen exposure and demo-
graphic history variation across the species (Table 1). One male and
female sample was selected for each population, and all individuals
had no detected malaria infection when screened for Haemoproteus
and Plasmodium spp. or evidence of pox lesions (lllera et al., 2008).
In addition, we sequenced one sample from the Berthelot's pipit
mainland sister species, the tawny pipit (Anthus campestris, sampled
Latitude: 17.991703°, Longitude: - 146 16.016672°). This allowed a
range of divergence levels and colonisation timeframes to be com-
pared within Berthelot's pipit and its sister species (Table 1). Blood
samples were stored in absolute ethanol (800 uL) at 4°C and DNA was
extracted using a salt extraction protocol (Richardson et al., 2001),
and individuals were molecularly sexed (Griffiths et al., 1998).

We used a draft Berthelot's pipit reference genome assem-
bly, generated by Armstrong et al. (2018), to align genome-wide
sequence reads and to call genomic variants (see below). This as-
sembly was generated using a male bird from Porto Santo in the
Madeiran archipelago and was selected based on having low
genome-wide heterozygosity as determined by previous RAD-seq
analyses (Armstrong et al., 2018). This genome was assembled de
novo from paired-end Illumina reads (2x125bp on HiSeq 2500 se-
quencer) using DISCOVAR (Weisenfeld et al., 2014). The resulting
draft assembly has a total size of 1.15 Gb (94.3% of the length of
the Zebra finch genome), with a BUSCO score (Simao et al., 2015) of
64% (vertebrate-specific single-copy orthologues) and contig N50 of
355kb. For full details see Armstrong et al. (2018).

To perform whole-genome resequencing and variant calling
againstthe Berthelot's pipit genome assembly, low input transposase-
enabled libraries were sequenced across four lanes using paired-
end lllumina sequencing on a HiSeq 4000 (2x 150bp), generating
high genome read coverage (>20x per individual; Table S1). Raw
reads were merged at the individual level, trimmed (Phred quality
score>Q30) and aligned to the draft Berthelot's pipit genome as-
sembly using BWA-mem v0.7.12 (Li, 2013). Potential duplicate reads
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FIGURE 1 Map of the island endemic Berthelot's pipit populations across its Macaronesian range and its ancestor, the tawny pipit,
sampling location in Mauritania (see star). Populations included in this study are denoted with an asterisk and the island shaded dark grey.
Solid lines with arrows indicate population comparisons, with the timing and direction of colonisation events highlighted (Martin et al., 2023).
The blue dotted line indicates comparison between Selvagens and Madeiran populations after these were colonised in two independent
events from the Canary Islands. Canary Island populations: El Hierro (EH), La Palma (LP), La Gomera (GOM), El Teide (TEID) mountain
population on Tenerife (>2000ma.s.l.), Tenerife (TF), Gran Canaria (GC), Fuerteventura (FV), Lanzarote (LZ), La Graciosa (GRA). Madeiran
populations: Madeira (M), Porto Santo (PS) and Deserta Grande (DG). Selvagens: Selvagem Grande (SG).

TABLE 1 Sampling information for divergence comparisons across populations of Berthelot's and tawny pipit.

Divergence comparison Population locations

Tawny pipit, sister species/Canary Mauritania, Mainland Africa/
Islands LZ, TF & EH

Canary Islands/Madeiran LZ, TF & EH/M & PS

archipelago

Canary Islands/Selvagens LZ, TF & EH/SG

archipelago
Madeiran archipelago/Selvagens M & PS/SG

archipelago

2.1 Mya®

50 kya®

8-10 kya®

50 kya®

Estimated divergence
timeframe

Bottleneck severity n retained loci

Weak. Genome-wide 10,829,660
reduction in diversity

Strong. Founder effect, 5,590,607
contemporary population
recovery

Strong. Founder effect, 5,266,205
contemporary inbreeding

Very strong. Two 3,733,990

independent bottlenecks

Note: Population codes from: (1) Canary Islands: Lanzarote (LZ), Tenerife lowland (TF), El Hierro (EH); (2) Madeiran archipelago: Madeira (M),
Porto Santo (PS) and (3) Selvagens archipelago: Selvagem Grande (SG). n retained loci=autosomal and Z mapped loci retained for each population

comparison.
“Divergence timeframes from Martin et al. (2023).

were then marked using Picard tools MarkDuplicates in GATK v4.1
(McKenna et al., 2010), and binary alignment files (.bam) were vali-
dated prior to variant calling. GATK HaplotypeCaller was then used
in GVCF mode to call genomic variants, with the Berthelot's pipit
draft genome assembly using as a reference to call variants against.
Unmapped or poor-quality reads (with a root-mean-squared read
mapping quality <25) were discarded. To account for errors in read
mapping, variants were then filtered for read strand bias (Fisher's
exact test >60 and Strand Odds Ratio>3) and quality by depth
(QD < 2) using GATK. Joint genotyping was then performed across
samples, to reduce call error rate, using GATK's GenomicsDBImport

and GenotypeGCVF tools. Contig-level Variant Call Format (VCF)
files were combined using GATK SortVcf, with variants mapped to
contigs less than 500bp removed.

To allow chromosome-level genomic divergence to be assessed
and visualised, genomic variants were mapped to relative chromo-
some positions of the Zebra finch (Taeniopygia guttata) genome
assembly bTaeGutl_vl.p (NCBI Assembly GCA_003957565.1)
(Warren et al., 2010) using the SatsumaSynteny module within
Satsuma (Grabherr et al., 2010), which performs well on frag-
mented genome assemblies (Liu et al., 2018). Since our draft
Berthelot's pipit reference genome is a highly fragmented
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assembly, this collinearity mapping allowed pseudochromosome
locations to be determined which could be used for assessing ge-
nomic landscapes of divergence and to make use of gene identi-
ties in the well annotated Zebra finch genome. To visually assess
the collinearity of the Berthelot's pipit and Zebra finch genome
assemblies, we used the D-GENIES dot-plot tool (Cabanettes &
Klopp, 2018) with the default options. This showed that high syn-
teny exists between these genomes, although percentage identity
is relatively low for most contigs (25%-75%). Despite this, only a
very few short regions of the Berthelot's pipit genome are misas-
sembled/misplaced, many of which are on the only assembled sex
chromosome (Figure S1). Satsuma determines the order, location
and orientation of Berthelot's pipit contigs relative to Zebra finch
chromosomes. This output was used to reassign contig locations
of genomic variants to pseudochromosome locations using cus-
tom R scripts (RStudio Team, 2016).

The VCF files were generated to assess (1) divergence through
speciation between the tawny and Berthelot's pipit and (2) diver-
gence among Berthelot's pipit populations across archipelagos.
For the first dataset ‘All Pipits’ variants were joint called across
the Berthelot's and tawny pipit individuals. For the second dataset
‘Berthelot's’ variants were joint called across only the Berthelot's
pipit individuals. Both datasets were filtered in VCFtools v0.1.15
(Danecek et al., 2011); removing unmapped sites (--not-chr 0), in-
dels (--remove-indels), sites with >2 alleles (--max-alleles 2), sites
with more than four failed genotype calls (--max-missing-count 4)
and variants with accuracy <99.9% (--minQ 30). Sites were fur-
ther filtered to remove those at which the mean read depth <10
or more than twice genome-wide average (Li, 2014) (>45 for ‘All
Pipits’, >44 for ‘Berthelot's’) (--min-meanDP 10, max-meanDP
45/44). Quality and coverage statistics for both datasets are pro-
vided in Table S1.

2.2 | Population comparisons

We compared pairwise divergence between the tawny and
Berthelot's pipit, and then among three dyads of Berthelot's pipit
archipelago populations (Table 1, Figure 1). The dyads chosen for
comparison varied in their temporal, spatial and morphological di-
vergence, and in terms of selective pressures as outlined below:

2.2.1 | Tawny pipit versus Canary Islands

The ancestor of Berthelot's pipit initially colonised the Canary
Islands ca. 2.1 Mya (Martin et al., 2023; Voelker, 1999) with founder
effects resulting in a genome-wide reduction in genetic diversity
compared to the tawny pipit (its sister species). There is no evidence
of subsequent gene flow. The tawny pipit is a Palearctic migrant.
After ending the breading season Western European populations
winter mainly in sub-Saharan Africa, while breeding Asian popula-
tions winter in the Arabian Peninsula and Southwest Asia (Tyler &
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Christie, 2020). In contrast, Berthelot's pipit is an island resident.
Habitat types and disease prevalence varies substantially across the
Berthelot's pipit Canary Islands range. Both species are exposed to
avian malaria, avian pox and other pathogens (tawny pipit; Calero-
Riestra & Garcia, 2016, Berthelot's pipit; lllera et al., 2008).

2.2.2 | Canary Islands versus Madeiran archipelago

Colonisation of the Madeiran archipelago from the Canary Islands by
Berthelot's pipit is estimated to have occurred ca. 50 kya (Table 1,
Figure 1; Martin et al,, 2023), and resulted in a strong popula-
tion bottleneck. Berthelot's pipit from the Madeiran archipelago
are classified as a separate subspecies A.berthelotii madeirensis
(Hartert, 1905). The Madeiran populations show the longest bill
lengths (lllera et al., 2007) and larger body size (Spurgin et al., 2014).
Considerable variation in disease prevalence occurs within and
among these two islands archipelagos (lllera et al., 2008).

2.2.3 | Canary Islands versus Selvagens archipelago

The Selvagens was populated by Berthelot's pipit through colonisa-
tion from the Canary Islands ca. 8-10 kya (Table 1, Figure 1; Martin
et al., 2023). Small island size (ca. 3km?), geographic isolation and
strong founder effects have resulted in low genetic diversity in the
Selvagens' population and strong signatures of inbreeding (Martin
et al., 2023; Spurgin et al., 2014). While there is considerable varia-
tion in disease prevalence across the Canary Islands, no disease has
been detected on the Selvagens (lllera et al., 2008).

2.2.4 | Madeiran archipelago versus Selvagens
archipelago

Berthelot's pipit populations across these two archipelagos are sep-
arated by ca. 50 thousand years and two independent bottleneck
events, with no evidence of post-colonisation gene flow between
the archipelagos (lllera et al., 2007; Martin et al., 2021; Spurgin
et al., 2014). While Berthelot's pipit within the Selvagens are not in-
fected with avian pox or malaria, there are strong differences in dis-
ease prevalence between islands within the Madeiran archipelago
(lllera et al., 2008).

2.3 | Differentiation landscapes and
genomic islands

We calculated pairwise F¢; between the tawny pipit and the Canary
Island Berthelot's pipit population (one comparison) using the ‘All
Pipits’ dataset, and between the three Berthelot's pipit archipelago
populations using the ‘Berthelot's’ dataset in VCFtools (Table S1).
Variation across the genome was visualised using Manhattan plots.
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To identify highly divergent genomic regions between popula-
tion comparisons, pairwise Fy; values were Z-transformed. Since
population history shapes genetic variation between populations,
baseline levels of divergence vary significantly between each of
the population comparisons (see Section 3). Within each compari-
son, we classified windows as divergent if their mean F¢; was more
than five standard deviations greater than the genome-wide mean
(;Fst>5) and in the top 1% of SNP windows, which is a conservative
approach to identifying outliers (Choi et al., 2020; Han et al., 1999;
Lamichhaney et al., 2015; Walsh et al., 2019). For each population
comparison, F¢; was calculated in 50kb non-overlapping windows.
Genomic linkage typically extends 25-35kb in the three archipel-
ago populations of Berthelot's pipit (Martin et al., 2021). We used
a 50-kb window for genomic island detection because it provided
sufficiently fine resolution across the genome while representing
184-532 sites per window. Finally, windows containing <30 sites
were removed prior to conducting analysis (~1% of windows). We
considered the Z chromosome separately due to known differences
in evolutionary pressures across sex chromosomes (Ellegren, 2011),
and poor pseudochromosome assembly quality (Figure S1). It is also
important to note that the exact number of genomic islands of diver-
gence per chromosome may differ if there was a chromosome-level
pipit assembly.

By investigating genomic variation across the tawny pipit and
Berthelot's pipit speciation event, it was also possible to identify
highly conserved (low divergence) genomic regions which may
have a role in parallel adaptation between the species (Van Doren
et al., 2017). To do this we applied the same ,F.; approach, instead
identifying windows with mean F¢ less than 5 standard deviations
below the genome-wide mean.

2.4 | Detailed characterisation of variation in
divergence peaks

To identify regions putatively under selection in elevated regions
of differentiation, we compared values of Tajima's D and nucleo-
tide diversity (z) in and outside of outlier windows (i.e. assessing
whether regions of elevated differentiation had corresponding
dips in Tajima's D and z). We calculate 50kb-windowed Tajima's
D and r using VCFtools, for each population dyad to allow di-
rect comparison. Tajima's D can be used to test for deviations
from neutral evolution (values near or equal to zero), with posi-
tive values indicative of balancing selection or sudden population
contraction, and negative values indicative of a recent selective
sweep or population expansion following a recent bottleneck
(Tajima, 1989). Nucleotide diversity () is defined as the number of
nucleotide differences per site between sequences within a pop-
ulation. Estimating = across the genome may reveal population-
level diversity within genomic regions, which can be used together
with Tajima's D to make inferences about potential evolutionary

forces acting within regions of interest.

To identify genes located within divergent windows, we viewed
50kb regions of interest using the Zebra finch genome (v. bTae-
Gutl_v1l.p) in NCBI Genome Data Viewer v. 4.8. (www.ncbi.nlm.
nih.gov/genome/gdv/browser). Patterns of divergence across peak
regions were assessed across the three archipelago dyadic compar-
isons. Where several windows exceeded this threshold within a ge-
nomic island, we assessed the distribution of F¢; within peaks, and
where appropriate highlight the most likely candidate genes under

selection.

2.5 | Simulations of divergence

We performed individual-based simulations of genomic divergence,
under neutral and selective processes using the ‘glads’ R package
(Quilodran et al., 2020). These simulations consequently provide a
comparison of neutral and non-neutral divergence patterns, which
we used to compare to our empirical genome-wide F¢; distributions.

The glads model, with an additive genotype-phenotype map,
simulated the divergence of two populations - parameterised to rep-
resent the demography and colonisation history of Berthelot's pipit
in the Canary Islands and Selvagens archipelagos. Each population
comprised of 300 biallelic SNPs, with 50 loci under selection and
the remainder neutral (i.e. did not contribute to the additive pheno-
type, but were influenced by neutral evolutionary processes such
as drift and recombination). Simulations excluded post-divergence
gene flow (Martin et al., 2021), with population sizes set at 4000
and 400 diploid individuals for the Canary Islands and Selvagens
respectively (Spurgin et al., 2014). A recombination rate of 3cM/
MB was used, based on the genome-wide average of the collared
flycatcher (Ficedula albicollis) for a 75-Mb chromosome. Mutation
and migration were not included in the simulation. Assuming a diver-
gence time of 8000years and a generation time of 2.2years (Martin
et al., 2023), 3636 generations were simulated. The simulation was
repeated independently 100 times for both parallel and divergent
selection, maintaining the same starting parameters, and ensuring
distinct genetic identities for individuals (i.e. genotype for the 300

loci) at the onset of each independent simulation.

3 | RESULTS
3.1 | Whole-genome resequencing

Illumina sequencing resulted in 1,030,115,042 paired-end reads,
providing mean individual read coverage of 23.6 X+2.6s.d. when
mapped to the Zebra finch's 1.1 Gb genome (Warren et al., 2010).
Variants were called, mapped to the Zebra finch assembly and qual-
ity filtered, resulting in 11,788,225 mapped SNPs in the ‘All Pipits’
dataset and 5,934,934 in the ‘Berthelot's’ dataset. Individuals had
low levels of missing data (<5%). Final depth of coverage for the qual-
ity filtered SNPs was high (Jiang, Jiang, et al., 2019; Sims et al., 2014),
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with a mean 24.3 X for the ‘Berthelot's’ dataset and 24.7 X for the
‘All Pipits’ dataset (Table S1).

3.2 | Distributions of F. between comparisons
Autosomal mean F¢; was high between the tawny and Berthelot's
pipit (Figure 2; Martin et al., 2023) but low between Berthelot's pipit
archipelago populations separated by one colonisation event (i.e.
Canary Islands vs. Madeira, Canary Islands vs. Selvagens). The distri-
bution of F¢; was positively skewed between the Canary Islands and
both subsequently colonised archipelagos (Madeira and Selvagens)
but approaches a normal distribution between the tawny and Canary
Islands Berthelot's pipit. Between single colonisation events, stand-
ard deviations of windowed F¢; values were low, ranging 0.041-
0.070. The spread of divergence scores was much greater between
the Selvagens and Madeiran archipelago (s.d.=0.139), which are
separated by two independent colonisation events (Figure 2).

Like the autosomes, the Z chromosome showed increasing diver-
gence over longer timeframes between single colonisation events,
with highest divergence between the tawny pipit and Berthelot's
pipit and lowest between the most recently separated Berthelot's
pipit archipelago populations (i.e. the Canary Islands and Selvagens;
Figure S2a). Between the tawny and Berthelot's pipit, mean F; di-
vergence across the Z chromosome exceed that observed across the
autosomes, while the converse was found across Berthelot's pipit

archipelago populations (Table 2).

3.3 | Overall correlations between genomic
landscapes of divergence

Divergence at genomic loci in tawny-Berthelot's pipit comparisons
was significantly but weakly correlated with divergence at these
loci between Berthelot's archipelago comparisons (Figure 3 and
Figure S3, Pearson's correlation: r=.02-.15, p<.01). As expected,

Tawny pipit vs. Canary Islands

mean = 0.414 zFst>5=0.767

Canary Islands vs. Madeiran archipelago

No. of windows

mean = 0.069

mean = 0.042

ZFST >5=0.342

Canary Islands vs. Selvagens archipelago

ZFST >5=0.278

Selvagens archipelago vs. Madeiran archipelago

FIGURE 2 Distribution of pairwise
genomic differentiation, F¢, across
Berthelot's and tawny pipit comparisons
calculated in 50kb autosomal windows.
Positions of means (solid line) and
sF<1>5 threshold (dotted black line) are
highlighted.

mean = 0.198 zFst>5=0.897

Fst
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TABLE 2 Genomic differentiation, F;, between Berthelot's pipit and tawny pipit, and among Berthelot's pipit archipelagos.
Autosomal mean Autosomal n windows
Comparison Fer ZChrmeanFg;  ,F>5 Top 1% SNPs Fsr>5
Tawny pipit, sister species/Canary Islands 0.414 0.427 0.767 0.637 27
Canary Islands/Madeiran archipelago 0.069 0.063 0.342 0.229 9
Canary Islands/Selvagens archipelago 0.042 0.034 0.278 0.186 10
Selvagens archipelago/Madeiran archipelago 0.198 0.171 0.897 0.609 22
Cor=0.15 , Cor=0.09 , Cor=0.11 ,
1.00 L 1.007 K 1.00 K
s ’ = .
= . = . %) .,
(2] o v L //
L ©O—— Chr1:650 kb W . p ,
8 0.75 , - 8 0.751 // qt) 0.75 /,’
'g Chr24:350 kb '(:“ e kel it
C . c e S /,
© ° . © . 2 Re
O 050 s O 0.501 L 5 050 ,
) e 17 > .
> 0 > 2 S e e
€025 € 0.25 , S 025
= = . o "
© ’ © .7 [0} 0%
|_ ,/ |_ ,/ O '/
0.004/” 0.001 /" 0.004 +*
000 025 050 075 1.00 000 025 050 075 1.00 000 025 050 075 1.00

Canaries vs. Madeira Fst

Canaries vs. Selvagens Fsr

Canaries vs. Selvagens Fst

FIGURE 3 Correlated patterns of Fs; between Berthelot's pipit population comparisons, and between Berthelot's and tawny pipit
populations separated by single colonisation events. Fs; was calculated in 50kb non-overlapping windows, outliers (,F.;>5) are highlighted;
Tawny versus Canary Islands=light blue, Canary Islands versus Madeira=purple, Canary Islands versus Selvagens=orange. The only two
outlier windows which occur in multiple population comparisons are circled and the chromosomal positions identified.

the divergence of loci between dyadic comparisons was more
strongly correlated when those comparisons involved a common
population (because of the characteristics of loci in that common
population) and not because of independently reoccurring diver-
gence of the same loci. The highest correlation explains 34.8%
of variation in dyadic Fg; scores (Pearson's correlation: r=.59,
p<2.2%x107%, Canary Islands vs. Madeira compared to Selvagens
vs. Madeira).

3.4 | Identification of peaks and valleys and
correlations between population comparisons

The genomic landscape of divergence between the tawny pipit and
the Canary Islands Berthelot's pipit population was broadly homoge-
neous across the genome, with 27 windows >5s.d. from the genomic
autosomal mean (F¢;>0.41) (Figure 4, Table 2). The distribution of

these areas of elevated divergence was non-random with 12 well
defined clusters of high F¢;, seven of which exceeded the criteria
to be considered ‘divergence peaks’ or ‘genomic islands of diver-
gence’ (Figure 4, Table S2). Peak size was in the range of 0.05-2Mb
(Table S2) and such divergence peaks covered 0.14% of the genome.
Across the Z chromosome, two broad peaks (1-2Mb) of strong di-
vergence are also observed between the tawny and Canary Island
Berthelot's pipit, although we stress that these patterns may be as a
consequence of poor contig mapping on this chromosome. The pat-
tern of divergence within the different genomic islands fell into two
categories: (i) most commonly, regions of sharp divergence usually
include one or two peaks where a “top peak” with the highest associ-
ated F¢; could be identified or (ii) a broad peak of similar F¢ diver-
gence across the island (see Figure 5). Only one such broad peak of
divergence was identified approximately 2Mb in length on chromo-
some 1A (Figure 5a), with the strongest F¢; divergence scores across

the genome.

FIGURE 4 Pairwise genomic differentiation, Fq, across the genome for Berthelot's and tawny pipit comparisons calculated in non-
overlapping 50kb windows. Genomic islands of divergence or valleys of similarity, where Fq; is 5 standard deviations greater than, or less
than, the mean window value, are highlighted (indicated by the dashed horizontal line). Pseudochromosomes (derived by comparison with
chromosomes of the Zebra finch genome) are shown in alternating light and dark shading. Vertical coloured bars indicate the location of
genomic islands within each population comparison. Labelled arrows indicate the location of shared genomic islands and the genomic
distance between closely located peak windows across population comparisons. Population comparison highlights: light blue=Tawny
versus Canary Islands, Canary Islands versus Madeiran islands =purple, Canary Islands versus Selvagens=orange and Selvagens versus

Madeira=navy.
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Chromosome
Autosomal divergence between Berthelot's pipit archipelagos Canary Islands vs. Selvagens) were characterised by low genome-
showed different patterns. Archipelago comparisons with just one wide divergence with few strongly differentiated ‘islands of diver-
founding step separating them (Canary Islands vs. Madeira and gence’ (Figures 2 and 4). In contrast, the divergence landscape was
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FIGURE 5 Patterns of divergence (,F;), genetic diversity (z) and a measure of the loss of rare alleles (Tajima's D) surrounding two
genomic islands of divergence between the tawny pipit and Canary Islands Berthelot's pipit comparison. These regions are presented as
examples to demonstrate (a) a broad region, or ‘plateau’ of elevated divergence and (b) a narrow peak of divergence. Values were calculated
in 50kb windows, with ,F.;>5 highlighted in the first panel in light blue, with corresponding genomic locations of the peak start and end
indicated by vertical orange lines in panel 2 and 3. Candidate gene locations within peaks are indicated; details in Table S2. Tajima's D and =
are reported for the Canary Islands (light grey) and the corresponding = indicated for the tawny pipit (dark grey), with autosomal averages

indicated by horizontal dotted lines.

highly heterogenous when the two independently bottlenecked ar-
chipelagos, Selvagens versus Madeira were compared. We identified
9-22 genomic islands of divergence in each Berthelot's pipit archi-
pelago comparison (Figure 4, Table 2), which represented 0.05%-
0.1% of 50kb windows. In contrast to the tawny versus Berthelot's
pipit comparison, Z chromosome divergence was consistently (but
marginally) lower than autosomal divergence between Berthelot's
pipit archipelagos comparisons (Table 2), and no strongly divergent
genomic windows were identified.

The position of divergent windows varied between population
comparisons, with only two shared windows identified between

multiple population comparisons (Figure 3). These two windows,
mapped to regions of chromosome 1 and 24, and were shared be-
tween the tawny pipit versus Canary Island Berthelot's pipit pop-
ulation comparison and between Canary Island Berthelot's pipit
versus Madeiran archipelago comparison. No windows of strong
divergence were shared between the different Berthelot's pipit
comparisons. Between the tawny and Berthelot's pipit, the ma-
jority of the genome exhibited strong divergence with the high-
est window having F,;=0.87, and only two windows where F¢
was zero (Figures 2 and 4). However, we identified seven genomic
regions with low divergence, more than five standard deviations
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below the genome-wide mean, which mapped to five distinct
chromosome regions (Figure 4). Between Berthelot's pipit archi-
pelagos comparisons many 50kb regions of the genome were not

divergent (F¢; =0, Figure 4).

3.5 | Genes in peaks and valleys and
patterns of diversity

The identified regions of elevated divergence between the tawny
and Berthelot's pipit consistently exhibit corresponding dips in
Tajima's D and = in the Canary Islands Berthelot's pipit population,
indicative of selective sweeps. Patterns of reduced Tajima's D and
7, and elevated F.; were consistent across the broad peak on chro-
mosome 1A, suggesting strong linkage disequilibrium in this region,
while the other strongly divergent peaks were narrow in width.
Across all strongly divergent regions, six of seven peaks harboured
protein-coding sequence of which five regions had named candidate
genes (Table S2).

A high number of divergence windows were located within the
extended genomic island mapped to chromosome 1A (17 of 27 win-
dows identified between the tawny and Berthelot's pipits). This
region contained 17 annotated genes, of which at least seven are
associated with immune response, three with craniofacial devel-
opment and two with metabolism (see Table S2). The single most
strongly divergent peak in the region included two genes: CMAS
associated with the innate immune response (O'day et al., 2018;
Urbanek et al., 2020) and ABCC9, associated with cartilage and bone
development (Czeschik et al., 2013) (Table S2).

To further investigate divergence across this broad region on
chromosome 1A, we investigated patterns of divergence between
the tawny pipit and all Berthelot's pipit populations, and among
Berthelot's pipit populations. The results confirm (i) divergence
of this region occurs between the tawny pipit and all Berthelot's
pipit archipelagos and (ii) this region exhibits low divergence be-
tween Berthelot's pipit archipelagos (Figure S4). The other narrow
regions (<150kb) of strong divergence between the tawny pipit
and Berthelot's pipit mapped to genomic regions including genes
putatively associated with immune response and wound healing
(Cui et al., 2017; Sigurdarson, 2020), development of the retina
(Xu et al., 2020) and carbohydrate metabolism (Han et al., 1999)
(Table S2).

Across the Z chromosome, two broad peaks (1-2Mb) of high
divergence occur between the tawny pipit and Canary Islands
Berthelot's pipits. These have corresponding dips in nucleotide di-
versity in both populations (Figure S2b), which suggests they may
be under divergent selection. Identified genes within the top 50kb
divergent window in both peaks, both have strong association with
hearing: ADGRV1 is associated with hearing loss and retina devel-
opment (Yan et al., 2018); and PPIP5K2 regulates hearing through
growth and maintenance of sensory cells in the inner ear (Yousaf
et al., 2018). Nucleotide diversity across the Z chromosome shows
a consistent peak across all populations of high diversity at ~45Mb,
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likely an artefact of incorrect mapping of W chromosome reads to
the Z in female individuals.

Strongly divergent regions between archipelago populations
of Berthelot's pipit had varied patterns of = and Tajima's D across
different populations, indicating a range of evolutionary processes
occurring within these regions (Table S3). Across the Canary Islands
versus Selvagens comparison, several highly divergent regions
mapped to genomic locations within previously identified (Martin
etal., 2023) long ROH > 1 Mb in the Selvagens individuals (and nega-
tive Tajima's D). Across the strongly divergent regions for the Canary
Islands versus Madeiran archipelago comparison, Tajima's D was
consistently elevated within the Madeiran archipelago.

Genes in islands of divergence across the Berthelot's pipit range
are associated with similar biological functions (Tables S2 and S3).
Regions under putative selection within the Selvagens include genes
associated with craniofacial shape, apoptosis and inflammation, de-
velopment of the retina and teeth, metabolism, muscle and growth
(Table S3). Within the Madeiran archipelago population regions po-
tentially under selection include genes associated with facial, skin
and bone development, immunity (innate immune response and reg-

ulation of B and T cells) and eye development.

3.6 | Genes with low divergence between species

Between the tawny and Berthelot's pipit, we identify seven low-
divergence genomic regions including a total of 11 candidate genes,
of which seven were annotated. These likely strongly conserved re-
gions included genes putatively associated with pathogen infection,
inflammation and platelet regeneration, growth factor pathways,
and muscle and limb development (Table S4). For example, NFX1
is a transcriptional repressor of major histocompatibility complex
(MHC) class Il genes (Gewin et al., 2004; Strominger et al., 1994) with
biological function in immune and inflammatory response. We also
identify a genomic valley with corresponding peaks of nucleotide
diversity in Berthelot's pipit (and negative Tajima's D) and low diver-
sity in the tawny pipit, putatively associated with recent population
growth across the Canary Islands. This loci was within the genomic
region containing RANBP3 which is associated with growth factor
pathways including bone morphogenic protein (BMP) signalling (Dai
etal., 2009).

3.7 | Simulations of divergence

Individual-based modelling captured elevated F¢; within genomic
regions under both divergent and parallel selection relative to
neutrally evolving genomic regions (Figure S5). Over the 100 inde-
pendent simulations, F¢; ranged from O to 1. The average level of
F¢r across the 100 independent simulations indicated a propensity
for islands to form at selected loci (as shown by the higher average
level of F¢; at selected loci in contrast to neutral loci; 125-175bp
locus position) (Figure S5). Genomic divergence was observed most
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strongly under divergent selection compared to parallel selection,
with loci displaying less variation in Fq; scores consistently across

the 100 independent simulations.

4 | DISCUSSION

We find that divergence accumulates across the genome in asso-
ciation with increasing timeframes since population founding in an
island colonising bird, confounded by the cumulative effects of drift
though sequential founder events. In this study, we have shown
that through population founding across archipelagos, genomic di-
vergence accumulates in few loci and linked regions, but over time
drift causes genome-wide loci to also become differentiated across
the speciation continuum (from recently divergent Berthelot's pipit
populations separated 8-50 kya to the reproductively isolated
tawny pipit and Berthelot's pipit separated ca. 2.1 Mya). We find
only weakly correlated patterns of genetic divergence and differ-
ent strongly divergent loci between populations through different
founder events (i.e. the same loci rarely show strong divergence
across different events). However, we do find that the loci within
these genomic islands of divergence are consistently (putatively) as-
sociated with the same ecologically important traits, that is, body/
head size and immune defence, across the range (see Tables S2 and
S3).

4.1 | Divergence across the speciation continuum

By comparing F¢; frequency distributions between sequentially
founded, geographically isolated populations of Berthelot's pipit, we
show how genomic differentiation accumulates across timeframes
in the absence of gene flow (Figure 2). Berthelot's pipit populations
in the early stages of divergence (Canary Islands vs. Selvagens) after
a recent colonisation event (<10 kya), have a positively skewed Fq;
frequency distribution. This includes a handful of strongly divergent
genomic regions, which may differ due to differential selection or
bottleneck effects on genetic drift. Where populations have been
geographically separated for longer timescales (i.e. Canary Islands
vs. Madeiran archipelago ca. 50 kya) leading to formation of subspe-
cies, drift has had time to cause overall genomic divergence (Nosil
et al., 2009). Over much longer divergence timeframes (i.e. across
the speciation event between the tawny and Berthelot's pipit sepa-
rated >2 Mya), divergence accumulates across the whole genome
(mean F¢;=0.41), approximating a normal distribution with only
a few weakly or strongly divergent regions. These patterns are in
concordance with speciation models from early- to late-stage diver-
gence with geographical isolation (Seehausen et al., 2014).

Across the Berthelot's pipit system, we can also compare ge-
nomic divergence between two independently bottlenecked popu-
lations, founded from the same source population (Canary Islands) at
different time points (ca. 50 and 8 kya) (Figure 1). Here, the F¢; fre-
quency distribution has a greater spread, likely due to the combined

consequences of two founder events and subsequent drift. Unlike
the comparisons of populations separated by one colonisation
event, in this scenario regions that have diverged due to natural
selection are more difficult to identify due to high levels of over-
all genome-wide divergence. Our patterns of genomic divergence
among the different Berthelot's pipit archipelago populations con-
cur with comparisons of rapidly speciating island silvereye (Zosterops
lateralis) populations separated by <200years where Sendell-Price
et al. (2021) only identified a few strongly divergent genomic re-
gions. Between-species comparisons of Ficedula flycatchers (Burri
et al., 2015) and Saxicola stonechats (Van Doren et al., 2017), with
divergence times of several millions of years, showed similar normal
distribution patterns to that which we observed between the tawny

and Berthelot's pipit.

4.2 | Independent patterns of divergence through
population founding

We identified weakly correlated patterns of F¢; across genomes
from the different Berthelot's pipit populations, and between
Berthelot's pipit and its sister species, the tawny pipit (Figure 3 and
Figure S2). That the same loci/regions are not divergent across popu-
lation comparisons, suggests that long-term linked selection is not a
major reason for divergence in the Berthelot's pipit. Instead, such
divergent loci may be due to independent evolutionary responses to
selection pressures (Munch et al., 2016). Our findings contrast with
several studies of genomic landscapes across divergence timescales
and through varied gene flow contexts (Burri et al., 2015; Renaut
et al., 2013; Stankowski et al., 2019; Van Doren et al., 2017; Vijay
et al., 2017), which show parallel patterns of divergence between
geographically and morphologically distinct taxa. Instead, we find
only weakly correlated F.; scores and different putatively selected
genomic regions diverging (see below) through time and speciation
events across the range (Figures 3 and 4). Why this is the case in
Berthelot's pipit remains unknown, but it may be attributed to the
stochastic nature of the founding process, as has been reported in,
among others, island colonising silvereyes (Sendell-Price et al., 2021)
and laboratory range expansion experiments of red flour beetle
(Tribolium castaneum; Weiss-Lehman et al., 2019). Largely inde-
pendent patterns of divergence between population pairs are also
reported in a range of other systems, for example through paral-
lel speciation of stick insects (Timema cristinae; Soria-Carrasco
et al., 2014), sympatric environmental adaptation of flatfish spe-
cies (Le Moan et al., 2019) and adaptive radiation in Lake Victoria
Pundamilia cichlid fishes (Meier et al., 2018).

4.3 | Genomic islands of divergence and repeated
selection for traits

Absence of secondary contact between the tawny and Berthelot's
pipit for ca. 2.1 million years has resulted in considerable
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genome-wide divergence. Across this speciation event, we identified
seven weakly divergent (or conserved) and seven strongly divergent
autosomal genomic regions (Figures 2 and 4). The most divergent
region formed a broad ~2Mb peak on chromosome 1A. We also
identified two peaks of broad divergence across the Z chromosome
(Figure S2), although this may be an artefact of poor-quality variant
mapping on this chromosome (Figure S1). All other strongly divergent
regions formed narrow sharp peaks. Through subsequent independ-
ent founder events from the Canary Islands to the Selvagens and
Madeira, we identify 12 and five strongly divergent 50kb windows,
respectively, all mapped to autosomal chromosomes (Table S3).

Individual-based model simulations showed localised genomic
islands of divergence forming around selected loci (Figure S5). Our
models parameterised for the most recently divergent Berthelot's
pipit populations, show that the observed empirical patterns can
form under the model. Specifically, genomic islands of divergence
can form under selection, as shown by the identified islands and
their associated traits under divergent selection (Table S3). However,
while simulations show that islands are more likely to form at se-
lected loci, we also show that islands can form under neutral pro-
cesses, and thus the simulations do not exclusively suggest selection
as the explanation for our empirically observed genomic divergence.
With an increased divergence timeframe, particularly in the absence
of gene flow as simulated here, alternative alleles and genotypic
combinations are likely to become more strongly divergent or fix as
a consequence of drift.

Signatures of reduced Tajima's D and nucleotide diversity (in the
tawny and Berthelot's pipit) were found in all the strongly divergent
genomic regions identified across the speciation event between the
tawny and Berthelot's pipit (Fay & Wu, 2000), indicative of selective
sweeps after the species split. Another explanation for this pattern
could be that Berthelot's pipit genomes have accumulated a higher
number of slightly deleterious mutations through mainland to is-
land colonisation compared to the tawny pipit (Leroy et al., 2021).
Highly divergent genomic regions between the Canary Islands and
Selvagens also consistently exhibited a strong decrease in Tajima's
D within the Selvagens, commonly associated with large regions of
low diversity or ROH. Negative Tajima's D can result from either re-
cent selective sweeps or population expansion following a bottle-
neck (Tajima, 1989). In the case of the Selvagens pipit population
we have strong evidence of a very small contemporary N, with con-
siderable inbreeding (Martin et al., 2023). Consequently, it seems
likely that the genomic islands of divergence observed result from
selective sweeps, but we cannot rule out the impact of accumulation
of deleterious mutations. Such patterns of selection have previously
been reported in other wild populations despite small N, (de Jong
et al., 2020) and short divergence timescales (Walsh et al., 2019).
This pattern was not observed between other archipelago popula-
tions of Berthelot's pipit (Table S3). Genomic islands of divergence
between the Canary Islands and Madeiran archipelago population
were associated with increased Tajima's D values in Madeira which
may result from balancing selection or sudden population contrac-
tions. Windows with corresponding moderate levels of genetic
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diversity may indicate balancing selection is driving divergence
within these regions (Lindtke et al., 2017; Tetteh et al., 2009), as in-
breeding effects due to a population contraction would be expected
to result in low diversity regions.

We detected a potential ~2 Mb ‘plateau’ of divergence between
the tawny and Berthelot's pipit, which is conserved across the
Berthelot's pipit range (Figure S4). Despite the absence of gene flow
between the two sister species it is still surprising to detect such
a broad peak of elevated divergence with low genetic diversity in
both populations, as this suggests a long-term absence of recombi-
nation in this region. Large-scale valleys of recombination commonly
coincide with centromeres (Burri et al., 2015; Carneiro et al., 2009),
although it is possible that this is as a result of an inversion previ-
ous to the speciation event (Kirkpatrick, 2010; Rieseberg, 2001;
Sanchez-Donoso et al., 2022). However, lack of recombination
maps for Berthelot's pipit or closely related species means we are
unable to test this hypothesis here, although long-read sequencing
(Shao et al., 2018) in combination with haplotype phasing (Alachiotis
etal.,, 2012; Ferrer-Admetlla et al., 2014) could be utilised to explore
this in future studies. The broad 1A divergence peak identified here
mapped to a gene dense region with 17 genes, many of which are
associated with craniofacial/bone development, migration strate-
gies or the immune response (Table S2). For example, CMAS, TTLL12
and YBX3 are all associated with viral defence (Carette et al., 2009;
Ju et al,, 2017; Qin et al., 2020); TSPO, GEC1 and STYK1 are asso-
ciated with cellular autophagy or apoptosis (Chakrama et al., 2010;
Veenman et al., 2007; Zhou et al., 2020); KCNJ8 increases wound
healing (Zhang & Bei, 2015); ABCC? is associated with craniofacial
defects in vertebrates (Czeschik et al., 2013; Harakalova et al., 2012)
and SCUBE1 modulates BMP signalling during craniofacial devel-
opment (Tu et al., 2008; Xavier et al., 2009) and is linked to head
morphology adaptation in sticklebacks (Hohenlohe et al., 2010).
Inversion haplotypes, and potentially the divergence peak on chro-
mosome 1A, have been found to harbour supergene complexes
and may be key facilitators for local adaptation and speciation
(Kirkpatrick & Barton, 2006; Taylor & Campagna, 2016; for example,
Christmas et al., 2019; Kipper et al., 2016; Porubsky et al., 2020;
Roesti et al., 2015; Tuttle et al., 2016).

We identified positively selected candidate genes in Berthelot's
pipit within regions exhibiting elevated differentiation that could be as-
sociated with transition from migration strategies in the tawny pipit to
residency and limited dispersal in Berthelot's pipit (Table S2). For exam-
ple, two genes within the broad divergence peak on chromosome 1A
have previously been associated with migratory to residency transition
between continental and island populations of the European blackcap
(Sylvia atricapilla; Delmore et al., 2020); GYS2, which is transcription-
ally activated by CLOCK which regulates circadian rhythms of hepatic
glycogen synthesis (Doi et al., 2010). Circadian rhythms synchronise
circannual (seasonal) clocks, which can regulate migratory timing and
distance (Gwinner, 1996). The second gene is TTLL12, but the function
it plays in regulation of these divergent strategies is poorly understood.
A further gene in this broad divergence region, TSPO, is associated with
metabolism through regulating mitochondrial function and glycolysis
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(Veenman et al., 2007; Yao et al., 2020). We also detected another

gene, PDEIC, in a different divergence peak on chromosome 2, asso-

ciated with metabolic regulation (Lugnier, 2011) that may also be in-
volved in this behavioural transition in the Berthelot's pipit.

Pathogen prevalence varies substantially (and consistently)
between different Berthelot's pipit populations, and between
those and the tawny pipit, providing a strong environmental se-
lection gradient (Armstrong et al., 2018; lllera et al., 2008; Spurgin
et al., 2012). Studies of Berthelot's pipit have previously identified
pathogen-mediated selection associated with key immune genes in-
cluding Toll-like receptor 4 (TLR4) (Armstrong et al., 2019; Gonzalez-
Quevedo et al., 2015) and MHC class | genes (Gonzalez-Quevedo
et al., 2016; Spurgin et al., 2011) within islands and across archipel-
agos (Armstrong et al., 2018). In the present study, we identified
various genes in highly diverged regions that could be involved
with host-pathogen evolution including: ITGA9, SENP7 and NFRKB
which are associated with the innate immune response (Audard
et al., 2012; Cui et al., 2017; Sigurdarson, 2020); and WAC and GEC1
which interact in the same pathway to regulate autophagy (Joachim
etal., 2015). We did not, however, detect high levels of divergence in
regions containing genes associated with pathogen response in com-
parisons involving the most recently founded Berthelot's pipit archi-
pelago, the Selvagens. This is to be expected given the lack of known
pathogens in this very isolated archipelago (Spurgin et al., 2012).

Variation in bill morphology across the species range has
been largely attributed to founder effects across the archipelagos
(Armstrong et al., 2018; Spurgin et al., 2014). However, our findings
suggest that selection may also play a role in shaping craniofacial
development through each colonisation event (Tables S2 and S3).
Regions of the genome putatively under selection included: CIT,
NRXN1, PRDM10 and WAC, all associated with craniofacial defects
in vertebrates (De Santo et al., 2015; Park & Kim, 2010; Shaheen
et al., 2016; Zahir et al., 2008); ABI3BP, associated with bone devel-
opment (Zhang et al., 2014); and SOCS7 which interacts with growth
factors (Elliott & Johnston, 2004). These genes may underlie varia-
tion in bill morphology that enhances exploitation of differing food
resources across the range. Again, studies on foraging behaviour and
trophic ecology are now needed to unravel the causes explaining
such bill variation across archipelagos.

Our findings provide evidence of repeated divergence - po-
tentially as a result of selection - for genes previously found to be
involved in head/bill and body size, eye development, metabolism,
wound healing and immune defence, across different temporal
scales in Berthelot's pipit. However, as genomic islands of diver-
gence rarely occurred at the same location across inter-population
comparisons, it is possible that different genes with similar pheno-
typic effects may be responding to selection in different locations.
Parallel adaptation for traits through different candidate genes
has been reported across vertebrates (Langin et al., 2015; Milner
et al.,, 1999; Walsh et al., 2019). Overall, our findings add to grow-
ing evidence of immunity and head/bill and body size as ecologically
important traits for adaptive divergence and speciation (immune;
Davies et al., 2021; Hughes & Yeager, 1998; Jarvi et al., 2001, and

bill, Badyaev et al., 2008; Bosse et al., 2017; Dussex et al., 2021;
Grant, 1968; Lundregan et al., 2018). Small numbers of individuals
sampled per population, as used here, may lead to unrepresenta-
tive calculation of population-based statistics, especially between
the Tawny pipit and Berthelot's pipit. We therefore caution readers
against reliance upon the validity of specific candidate SNPs identi-
fied in this study (Tables 52-54).

4.4 | Genomic valleys of divergence
through speciation

Between the tawny and Berthelot's pipit, we detected very few
low-divergence genomic regions despite speciation in allopatry;
similar to observations of diverging Ficedula flycatcher species by
Burri et al. (2015). Genomic valleys of divergence may be associ-
ated with reduced Fg; and nucleotide diversity if they are due to
parallel selection (Roesti et al., 2014). Alternatively, they may be
associated with reduced F¢; and moderate nucleotide diversity if
they result from balancing selection (Hohenlohe et al., 2010). In our
case, we have limited evidence to confirm either of these possibili-
ties. If the genomic regions we have identified are under parallel/
balancing selection in the tawny and Berthelot's pipit, this high-
lights the importance of a further set of genes associated with body
and head size and immune response (Table S4). Interestingly, these
candidate genes include NFX1, a transcriptional repressor of MHC
class Il genes (Gewin et al., 2004; Strominger et al., 1994), a gene
family known to be under balancing selection in many vertebrates
(Meyer & Thomson, 2001; Savage et al., 2020), including avian spe-
cies (Alcaide et al., 2008; Brouwer et al., 2010; Ekblom et al., 2010).
Evidence of the long-term retention of MHC alleles is a well-known
phenomenon (Klein, 1987), and balancing selection over similar
evolutionary timescales has been reported across populations of
many taxa (Bryja et al., 2007; Evans et al., 2010; Herdegen-Radwan
et al., 2021; Richardson & Westerdahl, 2003). In Berthelot's pipit,
island colonisation is initially associated with reduced MHC diversity
but there is evidence of rapid in situ generation of diversity via gene

conversion (Spurgin et al., 2011).

5 | CONCLUSIONS

Island colonisation can dramatically influence genetic diversity
within and divergence between populations through a combination
of evolutionary neutral (i.e. drift) and selective forces. Disentangling
the contributions of such processes is particularly complex in cases
where there has been strong and/or sequential founder bottlenecks.
Our results offer a population-level view of the divergence history of
Berthelot's pipit along the speciation continuum, through differing
divergence timeframes across three north Atlantic archipelagos. We
observed different sets of strongly divergent loci through colonisa-
tion of new islands, potentially due to the stochastic nature of popu-
lation founding. Despite these unique patterns of divergence across
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archipelago populations, strongly divergent loci were putatively as-
sociated with the same biologically important traits (i.e. pathogen
defence, head/body size), probably reflecting parallel adaptation
across islands. Future studies encompassing multiple populations
such as ours, including more detailed phenotyping and association
mapping for a greater number of individuals, may be able to fur-
ther clarify the relative contribution of genetic drift and selection

in shaping the genomic landscape of divergence in wild populations.
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