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ABSTRACT

Determining whether phenotypic divergence linked to different ecotypes resulted from a single
event or multiple parallel events is a crucial question in evolutionary biology. This thesis aimed to
investigate ecotype formation at distinct stages of the speciation continuum and determine whether
the evolution of phenotypic divergence in two Littorina species occurred in parallel across multiple
geographical locations or if it originated in a single location followed by dispersal and colonization.
Genomic data from multiple populations allows distinguishing between these scenarios. One viable
approach to assess genome-wide diversity patterns in multiple populations involves next-generation
sequencing of pooled samples (Pool-seq). However, Pool-seq introduces specific sources of noise,
such as unequal individual contributions, affecting allele frequency estimates. Consequently, the
use of Pool-seq data to test alternative scenarios using model-based inference has been hindered
by the absence of methods designed to infer demographic history that explicitly model the errors
intrinsic to Pool-seq. In this thesis, we compared genetic structure patterns between nonoutlier
and outlier loci of Littorina fabalis ecotypes, finding evidence compatible with parallel evolution
of phenotypic divergence and providing the first characterization of the genetic and morphologi-
cal divergence in this system. Subsequently, we developed model-based inference methods that
leverage Pool-seq data to differentiate between scenarios of ecotype formation and applied those
methods to Littorina saxatilis data. Overall, this thesis demonstrates that the observed phenotypic
divergence in these marine gastropods likely emerged as a consequence of parallel evolution across
multiple geographical locations. Moreover, it highlights that this divergence was probably accom-
panied by gene flow between the diverging ecotypes. The methodologies developed here can be
applicable to any taxonomic groups characterized by the presence of ecotypes across a broad geo-
graphical range. Therefore, they can streamline investigations into ecotype formation, enhancing

our comprehension of the intricate processes that shape biodiversity and the origin of new species.

Keywords: Pool-seq, demographic inference, Approximate Bayesian Computation, Littorina, eco-

type formation
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RESUMO

Compreender se a divergéncia fenotipica ligada a diferentes ecotipos foi resultado de um tnico
evento ou uma série de eventos paralelos é uma questdo fundamental na biologia evolutiva. O
principal objetivo desta tese foi estudar o processo de formagdo de ecotipos em diferentes estiagios
do continuo de especiacio e avaliar se a evolucdo da divergéncia fenotipica observada em duas
espécies de Littorina ocorreu em paralelo ou se teve origem em um unico local seguido de dis-
persdo e colonizacdo. Dados genémicos de multiplas populagdes permitem distinguir entre esses
cendrios. Uma abordagem vidvel para avaliar padroes gendmicos de diversidade em miltiplas
populacdes envolve o sequenciamento de amostras agrupadas (Pool-seq). No entanto, o Pool-seq
introduz fontes especificas de incerteza, como contribui¢cdes desiguais de individuos, que podem
afetar as estimativas de frequéncia alélica. Consequentemente, o uso de dados de Pool-seq para
testar cendrios alternativos tem sido dificultado pela auséncia de métodos desenhados para inferir
a histéria demogréfica que modelem explicitamente os erros inerentes ao Pool-seq. Nesta tese,
caracterizaimos pela primeira vez a divergéncia genética e morfoldgica entre ecotipos de Littorina
fabalis, revelando evidéncias compativeis com evolucdo paralela de divergéncia fenotipica. Poste-
riormente, desenvolvemos métodos de inferéncia que utilizam dados de Pool-seq para diferenciar
entre cendrios de formacdo de ecotipos e aplicamos esses métodos a dados de Littorina saxatilis.
Esta tese demonstra que a divergéncia fenotipica observada nestes gastropodes marinhos provavel-
mente emergiu como consequéncia da evolugdo paralela em vdrias localidades geograficas. Além
disso, destaca que essa divergéncia foi acompanhada por fluxo génico entre os ecotipos divergentes.
As metodologias aqui desenvolvidas sdo aplicaveis a qualquer grupo taxondmico caracterizado
pela presenca de ec6tipos em uma ampla drea geografica. Portanto, estes métodos podem facili-
tar investigacdes sobre a formagdo de ecotipos, aprimorando a nossa compreensao dos processos

complexos que moldam a biodiversidade e a origem de novas espécies.

Palavras-chave: Pool-seq, inferéncia demografica, Littorina, formagao de ecotipos, evolugao par-

alela



RESUMO ALARGADO

A capacidade de distinguir entre verdadeiros exemplos de evolugdo paralela e aqueles que resultam
de outras trajetdrias evolutivas € crucial para percebermos como a selecdo natural impulsiona a
diversificacdo e, em tltima instancia, leva a especiacdo. O principal objetivo desta tese foi estudar
o processo de formacao de ecotipos em duas etapas distintas do continuo de especiacao e avaliar se
a evolugdo da divergéncia fenotipica observada em duas espécies de Littorina resulta de multiplos
eventos paralelos ou de um unico evento. Distinguir entre esses dois cendrios requer o uso de
dados gendmicos de varias populacdes, que sdo normalmente dispendiosos. O sequenciamento
de amostras agrupadas (Pool-seq) € uma alternativa viavel para avaliar padrdes de diversidade em
multiplas populacdes. No entanto, fontes especificas de incerteza, tais como a contribui¢des indi-
viduais desiguais, podem afetar as estimativas de frequéncias alélicas. Consequentemente, o uso do
Pool-seq como fonte de polimorfismos genéticos para contrastar modelos demograficos tem sido
limitado pela auséncia de métodos capazes de simultaneamente inferir a histéria demogréfica e

modelar explicitamente os erros inerentes ao Pool-seq.

Nesta dissertacdo estabelece-se uma primeira caracterizagdo da divergéncia genética e mor-
foldgica entre os ecotipos de Littorina fabalis. Posteriormente, sdo utilizados métodos de inferéncia
desenvolvidos neste trabalho para diferenciar entre cendrios de formacdo de ecétipos em Littorina
saxatilis, fazendo uso de dados obtidos através de Pool-seq. Este trabalho demonstra que a di-
vergéncia fenotipica observada nestas duas espécies de gastropodes marinhos é compativel com
evolucdo paralela em multiplas localizacdes geograficas. Além disso, esta tese destaca que essa
divergéncia provavelmente foi acompanhada por fluxo génico entre ec6tipos. Apds a introdugdo do
tema e objetivos da tese no capitulo 1, o trabalho pratico desenvolvido nesta dissertacdo inicia-se

com o estudo dos ecotipos de L. fabalis.

Capitulo 2 - Divergéncia genética e morfologica entre os ecotipos de Littorina fabalis no Norte
da Europa.

Este capitulo da tese concentra-se nas diferengas genéticas e morfoldgicas entre os ecotipos de L.
fabalis, contribuindo para a compreensdo da adaptacdo local em espécies intertidais. O capitulo
2 representa o primeiro esforco para identificar variagdes genéticas associadas a ecotipos diver-
gentes nesta espécie. As andlises da morfologia da concha revelam diferencgas consistentes entre
os ecotipos, principalmente ao nivel do tamanho e com efeitos diretamente relacionados com o
habitat. A andlise genética revela diferentes padrdes de diferenciacao entre os ecotipos, com um
subconjunto de loci ndo-neutrais que resistem ao efeito do fluxo génico que erode a diferenciacdo

nas restantes partes do genoma. Assim, os resultados do capitulo 2 sugerem que a selecio natu-
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ral desempenha um papel significativo na divergéncia dos ecétipos de L. fabalis. Neste capitulo,
examina-se também a extensdo de partilha de loci ndo-neutrais entre populagdes de L. fabalis do
norte da Europa. O nivel de partilha sustenta a hipétese de evolu¢do em conjunto, ou seja, da par-
tilha de alelos adaptativos entre populacdes através de fluxo génico. No entanto, ndo foi possivel
descartar a hipétese de que este nivel de partilha seja resultado de polimorfismo ancestral. Os re-
sultados obtidos sugerem que a formagao de ecétipos em L. fabalis é compativel com evolugdo
paralela. No entanto, é necessario modelar diferentes cenarios de formagdo de ecétipos e usar da-
dos gendmicos mais completos para confirmar esta hip6tese. Este trabalho abre as portas a estudos
comparativos entre L. fabalis e L. saxatilis, os quais podem ser uma importante fonte de conheci-

mentos sobre divergéncia em transi¢des ambientais e evolugdo paralela.

Capitulo 3 - poolHelper: um pacote R para auxiliar o planeamento de estudos de Pool-Seq.

Este capitulo apresenta uma abordagem inovadora para simular dados de Pool-seq e integra-a num
pacote de software desenvolvido na linguagem de programacdo R chamado poolHelper. O capitulo
3 demonstra que a sele¢cdo do desenho experimental mais adequado para experiéncias que en-
volvam a sequenciagao de amostras em grupo (pool) € um processo complexo, visto que diferentes
combinagdes de cobertura média e nimero de individuos incluidos no pool podem levar a erros
semelhantes nas frequéncias alélicas. Tal real¢a a necessidade de realizar estudos preliminares
baseados em simulagdes, de modo a determinar esquemas de amostragem eficientes que produzam
frequéncias alélicas precisas com o menor esfor¢o de sequenciacdo. O pacote poolHelper aborda
essa necessidade ao oferecer fungdes para simular dados de Pool-seq de um modo personalizado.
O software desenvolvido no capitulo 3 encontra-se disponivel para qualquer investigador interes-
sado em simular dados de Pool-seq, permitindo ainda calcular o erro nas frequéncias alélicas das
amostras e na heterozigotia esperada, utilizando diferentes desenhos experimentais e aplicando di-
versos filtros. E importante destacar que o trabalho apresentado neste capitulo tem em consideraco
fontes de erro associadas a Pool-seq que foram negligenciadas por trabalhos anteriores, o que leva
a uma simulagdo mais abrangente e precisa de dados de Pool-seq. Para além disso, o capitulo 3

contemplou também a elaboracdo de um manual e de um guia de utilizagcao detalhado.

Capitulo 4 - Integracao de incertezas associadas ao Pool-seq no processo de inferéncia de-
mografica.

O capitulo 4 desta tese integra o trabalho desenvolvido no capitulo anterior numa estrutura de
Approximate Bayesian Computation (ABC). Esta abordagem ¢ utilizada para analisar dados de
sequenciagdo em grupo (Pool-seq), permitindo a inferéncia conjunta de fontes de erro associadas a
Pool-seq e parametros demograficos. O método apresentado neste capitulo é computacionalmente
eficiente, pois recorre a simulacdes de subconjuntos de loci, estima parametros relativos e usa es-

tatisticas sumadrio relativas. O método estd disponivel na forma de um pacote desenvolvido em R
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que permite contrastar modelos e inferir parametros da histéria demografica usando dados de Pool-
seq. Os resultados do capitulo 4 demonstram que a precisao das estimativas obtidas é comparavel
com outros métodos e que ignorar os erros associados ao Pool-seq leva a uma maior imprecisao das
estimativas obtidas. Aplicado aos ecotipos de L. saxatilis amostrados em dois locais na Suécia, este
método revelou que os ecotipos tiveram uma origem unica, hd cerca de 15.000 anos, seguida por
uma divisao populacional nos dois locais amostrados que ocorreu aproximadamente 1.000 geracoes
atrds. Embora os modelos examinados sejam relativamente simples, os resultados do capitulo 4
demonstram que € possivel combinar eficazmente dados obtidos através de Pool-seq com ABC para
investigar cendrios de formacao de ecétipos. O pacote resultante do trabalho desenvolvido neste
capitulo facilita a exploracdo de processos demogrificos complexos e inclui fung¢des para calcular
a precisdo das estimativas, avaliar qual o modelo que mais se ajusta aos dados e realizar estudos
de simulacdo. Tal como anteriormente, este capitulo englobou a elabora¢ao de um manual e de um

guia de utilizacdo abrangente.

Capitulo 5 - Evolucao paralela de adaptacao local em Litforina saxatilis inferida atraves de
dados de Pool-seq.

Neste capitulo examinou-se a formagao de ecotipos em L. saxatilis utilizando dados obtidos por
meio de sequenciagdo em grupo (Pool-seq). Usando a abordagem desenvolvida nos capitulos an-
teriores, no capitulo 5 foram explorados modelos demograficos complexos e avaliou-se a precisao
da inferéncia de parametros e da selecdo de modelos. Os resultados indicaram que as estimativas
obtidas s@o precisas para a maioria dos parametros demogréficos, embora com maiores incertezas
em pardmetros relacionados com populagdes ancestrais. Os resultados do capitulo 5 confirmaram
a utilidade de combinar dados obtidos através de Pool-seq e Approximate Bayesian Computation
para distinguir cendrios de formagao de ec6tipos, mesmo usando modelos mais complexos. Uti-
lizando dados de Pool-seq de ecétipos de L. saxatilis amostrados na Suécia e na Espanha, este
capitulo suporta um cendrio de origem paralela dos ec6tipos, sem um periodo de isolamento e apds
a colonizacdo das duas regides distintas. As estimativas de divergéncia obtidas apontam para uma
separacao recente dos ecdtipos: cerca de 15.000 e 57.000 anos na Suécia e Espanha, respetiva-
mente. O processo de divergéncia ocorreu apesar da existéncia de fluxo génico entre os ecétipos,
J4 que os resultados apontam para uma alta taxa de migracao entre os ecotipos. Estes resultados
reforcam o papel que a selecao divergente teve na origem dos ecotipos de L. saxatilis, potencial-
mente promovendo a origem e manuten¢do de rearranjos cromossémicos. No entanto, os modelos
aqui considerados ndo contemplaram a existéncia de periodos de isolamento (alopatria), ndo sendo
por isso possivel descartar que tais periodos tenham tido influéncia na historia evolutiva destes
ecotipos. A abordagem apresentada neste capitulo deve, no futuro, ser aplicada a mais populacoes

de L. saxatilis, incluindo locais adicionais de amostragem na Suécia, Espanha e Reino Unido.
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Em resumo, esta tese apresenta evidéncias que sustentam a ideia de que as diferencgas fenotipicas
observadas nestas duas espécies de gastropodes marinhos do género Littorina sao, provavelmente,
o resultado de eventos de evolucdo paralela. O trabalho aqui desenvolvido resultou ainda em dois
pacotes R que permitem a simulacdo de dados de Pool-seq e a sua integracdo em processos de
inferéncia demogréfica. E de esperar que este trabalho incentive o uso de dados de Pool-seq
em estudos focados em questdes relacionadas com evolugdo paralela e a formacdo de ecétipos.
Além disso, esta tese representa um exemplo de investigacao em diferentes estagios do continuo de
especiacdo e em espécies diferentes, enfatizando o valor de estudos comparativos para aprimorar a
nossa compreensao dos processos evolutivos. Estes estudos permitem-nos identificar padroes intra-
e interespecificos, contribuindo assim para o nosso conhecimento sobre biodiversidade e origem das

espécies.
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CHAPTER 1

General Introduction




GENERAL INTRODUCTION

1.1 THE SPECIATION PROCESS

Speciation, which ultimately underpins the abundance of species and the intricate biodiversity that
exists today, has long been regarded as a central process in evolutionary biology. This process
usually involves the gradual divergence of one ancestral population into two or more distinct popu-
lations that eventually become reproductively isolated from one another, giving rise to new species.
Speciation begins with the accumulation of genetic differences between populations. These differ-
ences can arise and accumulate due to various mechanisms such as new mutations, genetic drift
and natural selection. Over time, as these genetic differences accumulate, populations may start to
develop reproductive barriers that prevent them from interbreeding or producing viable offspring.
These barriers can be broadly categorized into two groups: pre-zygotic barriers, which come into
play prior to mating, and post-zygotic barriers, which manifest after mating (Mayr, 1963). The
gradual buildup of these barriers results in increasing reproductive isolation, which can be defined
as a quantitative measure of the effect that genetic differences between populations have on gene
flow (Westram, Stankowski, Surendranadh, & Barton, 2022).

Research in this field has primarily been focused on the causes and the consequences of specia-
tion (Butlin et al., 2012; Seehausen et al., 2014). Although the ultimate consequence is reproductive
isolation, the causes that contribute to this outcome are diverse. This distinction between causes
and consequences reflects historical contingencies. Charles Darwin’s groundbreaking perspective
on speciation, outlined in his seminal work ”On the origin of species by means of natural selec-
tion” published in 1859, emphasized the gradual evolution of biological distinctions and the driving
forces that guide their divergence, postulating that new species could be the product of natural se-
lection occuring over very long periods of time. In contrast, Ernst Mayr’s influential viewpoint
presented in 1942, highlighted the significance of the evolution of reproductive barriers between
different species. For many years, the primary research focus in the field of speciation has been the
perspective put forth by Mayr, which places significant emphasis on geographic separation and iso-
lation and argues that reproductive isolation is based on pre- or post-zygotic barriers to gene flow,
without necessarily invoking the action of natural selection (Coyne & Orr, 2004). However, in re-
cent years, there has been a notable shift towards investigating the causes of divergence that propel
speciation. Consequently, contemporary research often endeavors to comprehend how divergent

evolution transforms populations into reproductively and genetically isolated groups.



This recent research trend has shown that divergent natural selection, driving local adaptation
in disparate environments, may frequently trigger the development of reproductive isolation and
ultimately lead to speciation (Nosil, 2012; Schluter, 2009). However, disentangling and evaluat-
ing the response to selection in habitats linked by dispersal presents a challenge, as gene flow and
recombination may hinder both local adaptation and the subsequent reinforcement of reproductive
isolation (Felsenstein, 1981; Smadja & Butlin, 2011). Although the conventional categorization
of speciation processes into allopatric, parapatric, and sympatric types has become somewhat out-
dated (Butlin, Galindo, & Grahame, 2008), it is still important to consider the spatial context of
speciation and the degree of gene flow during different stages of the process. These factors play a
crucial role in determining whether and how quickly reproductive isolation will develop (Butlin et
al., 2012) and may also influence the genomic architecture of speciation. Therefore, to understand
local adaptation and speciation, it is necessary to make inferences about the demographic history
of populations and their biogeographical context, which may have changed significantly during
the process of speciation (Abbott et al., 2013; Hewitt, 2011). For instance, alternating cycles of
isolation by geographical barriers and secondary contact may facilitate speciation (Bierne, Welch,
Loire, Bonhomme, & David, 2011) and/or certain spatial arrangements of habitats may allow for
local adaptation more readily than others (Gavrilets, Vose, Barluenga, Salzburger, & Meyer, 2007).
These complexities underscore the interconnectedness of ecological factors and geographical con-

text in shaping the speciation process.

1.2 SPECIATION CONTINUUM

Despite being the focus of decades of research, the speciation process is still puzzling and marked
by a disconnect between the causes and consequences of the speciation process. This is primarily
because the process usually occurs over an evolutionary time frame that offers multiple temporal
perspectives from which to observe it, making it challenging to understand. An effective way of
combining both the causes and consequences of the speciation process in the same framework is
to visualize the process as a ’speciation continuum,” representing a sequence of genetically-driven
alterations that occur as two lineages diverge on the path towards complete reproductive isolation
(Figure 1.1). The premise of the speciation continuum is straightforward, suggesting that we can
imagine a continuum between a panmitic population and two completely reproductively isolated
species. Thus, differences in the degree of reproductive isolation reflect the position of a given pair
of populations/species along the speciation continuum. We can consider each pair of populations
as a snapshot of a specific point along the continuum of reproductive isolation and arrange several

pairs in a sequence, following the principle that “the present is the key to the past” (Lyell, 1830). By



comparing different pairs of populations along the speciation continuum the aim is to comprehend
how the speciation process unfolds from a panmitic population to two species. Yet, it should be
noted that the evolutionary path of a pair of populations is not unidirectional towards complete
isolation, and that this path can move or jump back and forth along the speciation continuum.
Nevertheless, the usefulness of the speciation continuum concept has prompted many researchers
to structure their research questions within the framework it provides (e.g. Hendry, Bolnick, Berner,
& Peichel, 2009; Ravinet et al., 2018).

gth of reproductive isolation
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Figure 1.1: Graphical illustration of the speciation continuum. The speciation continuum can be understood as a
gradient where one end is represented by a single population and the other end by two completely isolated species.
In-between these two defined stages, all the other states in the gradient represent partially reproductively isolated
populations. Ecotype formation is normally considered to be an incipient stage of the speciation process, closer to the
end represented by a single population.

However, there is a rough division in terms of where research is placed along this continuum.
On one hand, studies that investigate speciation with gene flow tend to focus on populations with
low levels of reproductive isolation, which are in the early stages of the process. These populations
are often referred to as “incipient species” and the studies typically investigate the role of diver-
gent selection on adaptive traits (e.g., Marques et al., 2016; Turner, Hahn, & Nuzhdin, 2005). On
the other hand, there is an extensive body of research that focuses more on the end stages of the
speciation process, particularly the genetic mechanisms behind hybrid sterility and inviability (e.g.,

Phadnis et al., 2015; Presgraves, 2002). These studies require the evolution of intrinsic postzy-



gotic isolation, and therefore, speciation is often viewed as a past event or a process that led to the

development of irreversible reproductive isolation.

Despite these differences, the idea of a speciation continuum has allowed these two seemingly
contrasting types of research to coexist within the same conceptual framework (Stankowski &
Ravinet, 2021). As research on speciation continues to move forward, it is becoming increasingly
evident that conventional methods and concepts are being replaced by new questions and research
areas. This is exemplified by the shift from studying a limited number of model systems to a more
comprehensive approach, which allows researchers to gain novel insights into the evolutionary pro-
cesses that shape diversity patterns across various levels of biological hierarchy. Thus, data from
multiple points along the speciation continuum helps us predict how genomic changes underly-
ing reproductive isolation accumulate and interact with genomic changes related with phenotypic
evolution (Roux et al., 2016; Stankowski & Ravinet, 2021). More precisely, comparisons between
closely related species that may potentially represent different stages of the speciation continuum,
particularly when those species are faced with similar selective pressures within comparable envi-

ronmental gradients, have the potential to be particularly informative.

1.3 PARALLEL EVOLUTION OF REPRODUCTIVE
ISOLATION

One of the potential initial stages in the process of speciation is the formation of ecotypes (Lowry,
2012; Turesson, 1922; Via, 2009, Figure 1.1). Ecotypes can be defined as distinct populations that
exhibit adaptive divergence associated to contrasting environments (Funk, 2012). The process of
divergent natural selection, which results in the formation of ecotypes, can often continue to play a
significant role in enhancing reproductive isolation after ecotype formation (Nosil, 2012; Schluter,
2009). Moreover, ecotypes are frequently found in multiple geographical locations. These repeated
instances of reproductive isolation resulting from adaptation to distinct pairs of habitats provide
strong evidence for the role of natural selection in speciation (Lenormand, Roze, & Rousset, 2009;
Schluter & Nagel, 1995) and allow powerful tests of the underlying evolutionary processes (Jones
et al., 2012). Instances of parallel evolution have been reported in animals, such as sticklebacks
(e.g. Colosimo et al., 2005), stick insects (e.g. Soria-Carrasco et al., 2014), cichlid fishes (e.g.
Weber, Rajkov, Smailus, Egger, & Salzburger, 2021) and Heliconius butterflies (e.g. Lewis et al.,
2019), as well as in plants such as the wildflower Senecio lautus (e.g. Roda, Walter, Nipper, &
Ortiz-Barrientos, 2017), Arabidopsis (e.g. Bohutinsk4 et al., 2021) and rice (e.g. Cai et al., 2019).



It is important to note that this pattern of parallel local adaptation, in the context of ongo-
ing gene flow, could result from very different historical sequences of events (Johannesson et al.,
2010). Indeed, several scenarios can explain this pattern of parallel local adaptation. One impor-
tant distinction is whether the initial adaptive differentiation, leading to the divergence of ecotypes,
occurred only once, possibly in isolation, with subsequent colonization of the respective habitats
by the disparate adapted forms in a scenario known as single origin. Alternatively, evolutionary
divergence could have occurred repeatedly in multiple locations, with or without spatial isolation,

a scenario termed parallel origin (Figure 1.2).

Although a scenario of parallel origin for locally adapted ecotypes is often invoked (e.g. Arcin-
iega et al., 2016; James et al., 2021), explicit tests between alternative hypotheses are rare. An
important factor to consider is whether these repeated events of phenotypic divergence involve the
same or different de novo mutations in the same or different genomic regions, or a shared poly-
morphism due to standing genetic variation or gene flow. The extent to which we can differentiate
between these alternative hypotheses depends on our ability to effectively characterize the genetic
variation that underlies local adaptation and ecotype divergence in order to evaluate which scenario
is more probable (Elmer & Meyer, 2011; Faria et al., 2014; Johannesson et al., 2010). This, in
turn, requires information from putatively neutral genetic markers to establish the demographic
history of the populations and the analysis of loci underlying adaptation whose history may be
significantly different from the neutral markers (Colosimo et al., 2005; Jones et al., 2012; Sousa,
Carneiro, Ferrand, & Hey, 2013).

The study of parallel phenotypic divergence across microhabitats can help us understand if
adaptation usually follows the same genetic pathways, as well as the relative contributions of an-
cestral polymorphism and/or gene flow. By employing genetic data and coalescent-modeling tech-
niques, we can reconstruct the demographic history of populations, discerning whether divergence
or colonization occurred first, thereby distinguishing between these two different scenarios. In fact,
it is now possible to use individual-based whole-genome data in combination with several mod-
elling approaches (e.g. Excoffier et al., 2021) to reconstruct the demographic history of species.
These methods could be extended to readily differentiate between the single and parallel origin

scenarios, especially in situations where recent gene flow adds complexity to this distinction.
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Figure 1.2: Demographic models for the single (A) and parallel (B) scenarios of ecotype formation. Green and orange
colours indicate the two different ecotypes. Different locations are represented by the boxes labeled L1 and L2. The
schematic of an admixture plot on the bottom of each population tree indicates the expected population structure for
that scenario. Present-day populations are indicated by P; to P4, both in the population trees and in the admixture plots,
and m indicates the probability per generation that an individual migrates from one population to the population of the
other ecotype. Note that without migration, the ecotypes should cluster by ecotype in the single origin scenario (A)
and by location in the parallel origin scenario (B). When gene flow between the divergent ecotypes exists (indicated by
the black arrows and m), both the single (C) and the parallel (D) origin scenario can led to clustering of the individuals
by location.
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1.4 DEMOGRAPHIC INFERENCE

To understand whether and how rapidly reproductive isolation may evolve, it is crucial to assess the
demographic history of populations (Butlin et al., 2012). One method of inferring past demographic
events is to use a combination of population genomic data and coalescent-modelling approaches.
This enables the comparison of alternative models and the estimation of relevant demographic
parameters. In recent years, advances in high performance computing have promoted the spread
of methods that are capable of simulating genealogies under complex demographic models (Fu &
Li, 1997; Tavaré, Balding, Griffiths, & Donnelly, 1997). Model-based inference methods, such as
Approximate Bayesian Computation (ABC; Beaumont, Zhang, & Balding, 2002), allow for explicit
and joint consideration of evolutionary processes and sampling effects (Bertorelle, Benazzo, &
Mona, 2010; Csilléry, Blum, Gaggiotti, & Francois, 2010).

Approximate Bayesian computation is a flexible and widely-used method for model selection
and parameter inference because it circumvents the calculation of an exact probability function,
allowing the evaluation of complex models (Bertorelle et al., 2010; Li et al., 2012). ABC uses sum-
mary statistics (such as dxy, and Fsr, etc) to replace the original data, and then employs simulations
to select models and estimate parameters. The basic process requires the simulation of thousands or
millions of data sets under the demographic models of interest and using different parameter values,
randomly sampled from a prior distribution. Summary statistics are calculated from the simulated
genealogies and compared with the statistics obtained from real data. The simplest ABC algorithm
follows a rejection approach (Tavaré et al., 1997). In this method, parameter values and/or mod-
els that are randomly sampled from the prior distribution are accepted if the distance between the
simulated summary statistics and the observed summary statistics falls below a specified threshold
(i.e. tolerance), and rejected otherwise. The acceptance of parameter values based on this distance

threshold provides a sample of independent points from the posterior distribution.

Due to its flexibility, ABC has been widely used in several fields, including ecology (Pon-
tarp, Brannstrom, & Petchey, 2019; Zhang, Dennis, Landers, Bell, & Perry, 2017), systems bi-
ology (Liepe et al., 2014), and population genetics (Cooke & Nakagome, 2018; Rougemont &
Bernatchez, 2018). Various software implementations of ABC are available for use (Boitard,
Rodriguez, Jay, Mona, & Austerlitz, 2016; Cornuet et al., 2014; Huang, Takebayashi, Qi, & Hicker-
son, 2011; Wegmann, Leuenberger, Neuenschwander, & Excoffier, 2010). However, implementing
ABC for whole-genome data is challenging (Smith & Flaxman, 2020), due to the significant com-
putational burden and difficulties in simulating recombination and mutation rate variation along the
genome (Jay, Boitard, & Austerlitz, 2019).



The development of advanced methods like ABC, combined with the rise of new sequencing
techniques has resulted in the simultaneous occurrence of algorithms capable of simulating ge-
nomic data under complex evolutionary scenarios, and an abundance of genomic data to compare
against these simulations. Thus, researchers can now estimate posterior distributions for relevant
parameters, probabilistically compare alternative models, and assess the accuracy of their results.
Indeed, numerous studies have shown that genetic data and coalescent-modelling can be used to
reconstruct the demographic history of populations (Beichman, Huerta-Sanchez, & Lohmueller,
2018; Sousa et al., 2013). Nevertheless, it is important to acknowledge that the outcome of the
demographic modelling approach is dependent on the composition of the models being compared.
Furthermore, even the best model is unlikely to be a full representation of the real demographic
history, as models must strike a delicate balance between incorporating enough real complexity to

draw meaningful inferences, while remaining simple enough to be manageable (Hickerson, 2014).

Additionally, the reconstruction of complex gene-flow histories is expected to be difficult (Stras-
burg & Rieseberg, 2013) due to a myriad of factors. In real-world scenarios, gene flow is rarely
a linear process between two populations. Instead, it often involves multiple interactions among
various populations, leading to intricate networks of genetic exchange. Disentangling the extent of
gene flow between any two given populations in this network is challenging. Moreover, random
events such as population bottlenecks, founder effects, and other environmental fluctuations, can
affect signals of gene flow (Hey & Machado, 2003; Momigliano, Florin, & Merild, 2021; Sousa
& Hey, 2013). It is also difficult to distinguish between secondary contact and regular gene flow,
particularly when hybrid offspring can backcross with parental populations (Payseur & Rieseberg,
2016). Finally, the gradual accumulation of genetic changes in populations over time adds another
layer of complexity, making it tough to determine the timing and direction of historical gene flow
events (Galtier, 2023).

1.5 NEXT GENERATION SEQUENCING OF POOLED
SAMPLES

Population genomics data can be used to infer and establish the demographic history that has shaped
natural populations. The advent of Next Generation Sequencing (NGS) has revolutionized the field
of population genomics, enabling researchers to reconstruct evolutionary histories using thousands

of Single Nucleotide Polymorphisms (SNPs) across the genome (Ellegren, 2014).



However, for some species (e.g., small organisms), generating and sequencing individual li-
braries can be problematic. Additionally, studying parallel phenotypic divergence across several
locations requires population-level genomic data from multiple populations, which might quickly
become expensive. In such cases, pooling DNA from multiple individuals to create a single library
that can be sequenced (Pool-seq) offers an effective alternative. This reduces the amount of DNA
required per individual, which minimizes the laboratory work by reducing the number of library
preparations needed. As a result, costs are lowered while still allowing the comparison of popula-
tions on a genomic scale (Schlotterer, Tobler, Kofler, & Nolte, 2014). Nonetheless, non-equimolar
DNA concentrations and stochastic variations in amplification or sequencing efficiency between
individuals in the pool can result in loss of accuracy of allele frequency estimates (Figure 1.3;
Anderson, Skaug, & Barshis, 2014; Cutler & Jensen, 2010; Ellegren, 2014).

Furthermore, DNA from multiple individuals can be extracted in batches, and combining these
batches into a single pool for library preparation and sequencing (Morales et al., 2019; Ross,
Endersby-Harshman, & Hoffmann, 2019) can lead to unequal representation due to variation in
extraction efficiency and/or non-equimolar concentrations of DNA between batches. Despite this,
theoretical and empirical research has shown that, for an equal sequencing effort, Pool-seq allows
the analysis of a greater number of individuals, resulting in similar or even more precise allele fre-
quency estimates (Futschik & Schlétterer, 2010; Gautier et al., 2013).

population sample reads from the pool
[(ind. 1) (ind.2) (ind.3 f' ind. 1) (ind. 1) (ind. 1)
LA LA LA AL LA LA
(ind. 4) (ind.5) (ind.6) (ind. 1) (ind.5) (ind.>5)
AL LA LT AL LA LA
(ind. 7) (ind.8) (ind.9) (ind. 1) (ind.8) (ind.9)
\k...T...) AL k...A...)) k\...A...) A ')
frequency of T allele - 2/9 frequency of T allele - 0/9

Figure 1.3: Graphical illustration of unequal individual representation associated with Pool-seq data. In this example,
a population sample consisting of 9 individuals is pooled and sequenced. Due to non-equimolar DNA concentrations
and stochastic variations in amplification or sequencing efficiency, some individuals (e.g. individual 1) can contribute
more than one read, while other individuals (e.g. individual 7) might not contribute any reads at all. Note that this
example leads to the loss of the T allele present in the sample.
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Although empirical studies have demonstrated that individual-based sequencing is more suited
than Pool-seq to detect fine-scale population substructure (e.g., hybrids and migrants), both meth-
ods are suitable for inferring population genetic structure (Chen et al., 2022; Dorant et al., 2019).
In fact, when a large number of samples are available, Pool-seq data produces more accurate esti-
mates of effective population sizes and divergence or admixture time events (Collin et al., 2021).
As a result, Pool-seq has been utilized in various studies, ranging from population genomic anal-
ysis (Begun et al., 2007; Ferretti, Ramos-Onsins, & Pérez-Enciso, 2013; Rubin et al., 2012) to
experimental evolution (Parts et al., 2011; Turner, Stewart, Fields, Rice, & Tarone, 2011; Zhou et
al., 2011) and human genetics applications (Calvo et al., 2010; Lieberman et al., 2014; Prescott et
al., 2015). Nonetheless, the use of Pool-seq to conduct demographic history inference has been
impeded by a lack of tools that explicitly model this type of data (but see Collin et al., 2021; Taus,
Futschik, & Schlotterer, 2017). Thus, although Pool-seq data could be a valuable source of neutral
genetic polymorphism for establishing the demographic history of populations undergoing parallel

phenotypic divergence, currently there is a lack of methods to model and simulate this type of data.

1.6 INTERTIDAL ZONE AS A NATURAL LABORATORY
TO STUDY LOCAL ADAPTATION

One striking example of the new wave of speciation research and the shift towards new systems
is the work performed on marine intertidal species. These organisms inhabit the transition zone
between land and sea, which constitutes an abrupt environmental transition (Little & Kitching,
1996; Raffaelli & Hawkins, 1996; Tomanek & Helmuth, 2002). Inhabiting the intertidal zone re-
quires organisms to cope with the physical stresses exerted by wave action (Le Pennec et al., 2017),
which is a critical selective factor that influences the biodiversity of habitats exposed to or shielded
from waves (Helmuth & Denny, 2003). Exposure to thermal extremes during low tide periods is
another significant challenge (Denny & Wethey, 2001; Helmuth & Hofmann, 2001). Moreover,
intertidal organisms must deal with selective pressures posed by predation (Paine & Fenchel, 1994)
and competition for space (Connell, 1961). The patchwork combination of diverse environmental
conditions and pressures across the tidal range leads to vertical and horizontal zonation patterns
in species diversity and intraspecific phenotypic variation (Connell, 1972; Little & Kitching, 1996;
Raffaelli & Hawkins, 1996). Due to the highly spatially condensed and physically challenging na-
ture of the intertidal zone, it has long been recognized as an ideal natural laboratory for studying the
interactions between physical and biological factors in determining the distribution and abundance

of species in nature (Paine, 1966; Paine & Fenchel, 1994).
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More recently, there has been a shift towards understanding the mechanisms and processes that
affect species abundance and distribution, including local adaptation. This has led to the intertidal
zone gaining recognition as an excellent setting to address several pertinent questions in the field
of evolutionary biology (Sanford & Kelly, 2011). Intertidal taxa with limited dispersal, where di-
vergent selection can be strong enough to oppose connectivity between populations and increase
divergence, are particularly well-suited for studying local adaptation and the evolution of reproduc-
tive isolation (Sanford & Kelly, 2011; Smadja & Butlin, 2011). Among these taxa, those exhibiting
ecotypic differentiation - where different phenotypes are associated with distinct microhabitats -
are particularly informative for understanding how natural selection drives biological diversifica-
tion (Faria, Johannesson, & Stankowski, 2021; Kess, Galindo, & Boulding, 2018). Furthermore,
instances of parallel evolution of ecotypes across similar environmental gradients in multiple loca-
tions along a species’ distribution are considered strong evidence for the role of natural selection
in driving phenotypic divergence, as it is unlikely that stochastic processes alone would lead to the

same evolutionary outcome (Johannesson, 2001; Nosil, 2012; Schluter, 2000).

As mentioned before, the intertidal zone provides a natural laboratory for investigating local
adaptation, and many species living in this habitat exhibit phenotypic divergence (Kess & Bould-
ing, 2019; Maltseva et al., 2021; Thia et al., 2021). Studying such cases of phenotypic divergence
across a broad geographical range (comparing multiple intertidal zones) contributes to improve our
understanding of how natural selection drives the process of divergence (Schluter & Nagel, 1995).
Therefore, by combining tools for modelling and simulating Pool-seq data with data obtained from
multiple intertidal populations, we can gain insights into the mechanisms underlying local adap-
tation and parallel phenotypic divergence. Among the intertidal species, gastropods of the genus
Littorina constitute a unique system for studying parallel phenotypic divergence resulting from

adaptation to divergent habitats in the intertidal.

1.7 THE LITTORINA GENUS

Parallel ecotype divergence across multiple intertidal zones is well documented in the marine gas-
tropod, Littorina saxatilis, commonly known as rough periwinkle (Galindo & Grahame, 2014;
Reid, 1996). This rocky-shore gastropod from the North Atlantic is notable for having a low life-
time dispersal and bearing live young (Reid, 1996). Two main ecotypes have been described: a
large, thick-shelled ecotype that lives in sheltered microhabitats and faces significant crab preda-
tion (Crab ecotype); and a small, thin-shelled one that inhabits exposed microhabitats and faces

heavy surf (Wave ecotype) (Figure 1.4; Johannesson, 2016; reviewed in Johannesson et al., 2010).
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These ecotypes, which are separated by only a few hundred meters in Spain, the United King-
dom (UK), and Sweden, have been extensively studied, albeit in a largely independent fashion, in
these three European regions. Research has uncovered evidence for assortative mating, so that each
ecotype mates preferentially with similar individuals (Conde-Padin, Cruz, Hollander, & Rolan-
Alvarez, 2008), as well as a genome-wide partial barrier to gene flow, with evidence for divergent
selection on some loci (Grahame, Wilding, & Butlin, 2006).

Spain Britain Sweden

Wave

Crab

Figure 1.4: Typical shells of the Crab and Wave ecotype of L. saxatilis from three European regions: Spain, Britain
and Sweden. Figure adapted from Butlin et al. (2014).

Genetic studies using amplified fragment length polymorphisms (AFLPs) allowed the initial
identification of highly differentiated loci that could be associated with phenotypic divergence be-
tween ecotypes (i.e. outlier loci), as well as the first estimates of the proportion of outliers shared
at various geographic scales (Galindo, Martinez-Fernandez, Rodriguez-Ramilo, & Rolan-Alvarez,
2013; Galindo, Morén, & Roldn-Alvarez, 2009; Hollander, Galindo, & Butlin, 2015; Wilding, But-
lin, & Grahame, 2001). However, those outliers were defined in terms of unusually high differen-
tiation (measured by Fsr), which might be explained by processes other than divergent selection
(Cruickshank & Hahn, 2014; Ravinet et al., 2017). It has been proposed that ecotype differentiation
occurred in parallel on different shores within Sweden and Spain (Johannesson, 2001; Johannesson,
Johannesson, & Rolan-Alvarez, 1993; Panova, Hollander, & Johannesson, 2006; Quesada, Posada,
Caballero, Moran, & Rolan-Alvarez, 2007). This hypothesis has been widely accepted (Ostevik,
Moyers, Owens, & Rieseberg, 2012), although the evidence has been questioned (Butlin et al.,
2008) and alternative hypotheses have only once been investigated (Butlin et al., 2014).
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Furthermore, explicit tests of parallel divergence using a model-based approach were conducted
only once on a regional level (i.e., using data from the United Kingdom, Sweden, and Spain) and
with AFLP loci (Butlin et al., 2014). Thus, it is still plausible to speculate that the ecotypes evolved
independently in different parts of Europe, but that some regions (e.g., Sweden) were colonized
by individuals originating from a single location. In fact, phylogeographic analyses (Doellman,
Trussell, Grahame, & Vollmer, 2011; Panova et al., 2011) imply that Iberian populations have
been genetically separated from northern European populations for a longer time than Swedish and

British populations, which are likely to have shared a postglacial colonization history.

The recent assembly of a reference genome and the construction of a genetic map for L. saxatilis
(Westram et al., 2018), allowed the confirmation of a pattern of heterogeneous genomic differen-
tiation between ecotypes and the identification of some genomic regions, which tend to coincide
with polymorphic inversions, enriched for the presence of outliers (Faria et al., 2019; Westram,
Faria, Johannesson, & Butlin, 2021; Westram et al., 2018). Moreover, whole-genome sequencing
of pools of individuals from several populations of both ecotypes revealed that outlier sharing is
common even among distant populations, although it decreases as the distance between populations

increases (Morales et al., 2019).

Other less-well studied species inhabiting the intertidal zone also exhibit phenotypic variation
associated with an environmental cline. One of these is the flat periwinkle, Littorina fabalis, a
closely related species of L. saxatilis (Kemppainen, Nes, Ceder, & Johannesson, 2005; Reimchen,
1981; Tatarenkov & Johannesson, 1994, 1998, 1999). In northern Europe, phenotypic variation
in this species is associated with different levels of wave exposure. On relatively exposed coast-
lines, we find individuals with large, thick shells, known as “large ecotype”, whereas on sheltered
habitats, individuals with smaller and thinner shells, known as “dwarf ecotype” are more common.
Unlike L. saxatilis, which lives on rocks, these L. fabalis ecotypes dwell on brown macroalgae
(Fucus spp. and Ascophyllum spp.), grazing on the epiphytes that grow on the fronds of the algae
(Williams, 1990). It is also possible that the fronds serve as refuge against one of their main preda-
tors, the green crab (Carcinus maenas), which is prevalent in both microhabitats (Kemppainen et
al., 2005).

Previous work in Swedish populations of L. fabalis revealed habitat-related variation in one
allozyme locus (arginine kinase, Ark), suggesting that this locus is under the effect of natural se-
lection related to wave exposure and/or other connected factors (Tatarenkov & Johannesson, 1994).
These differences in Ark allele frequencies between individuals found at sheltered and moderately
exposed habitats were also linked with variation at a random amplification of polymorphic DNA

(RAPD) locus and the aforementioned size differences. This pattern persisted even in sites char-
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acterized by moderate wave exposure. This suggests that despite the presence of gene flow, as
indicated by the absence of differentiation in the majority of analysed allozyme loci, there is some
reproductive isolation between the ecotypes (Johannesson & Mikhailova, 2004; Tatarenkov & Jo-
hannesson, 1998).

Analogous habitat-related phenotypic divergence has also been reported in the United Kingdom
(Wales), France, and Norway, where, unlike Sweden, L. fabalis is also subjected to high tidal
amplitudes (Kemppainen, Panova, Hollander, & Johannesson, 2009; Reimchen, 1981; Tatarenkov
& Johannesson, 1999). While it is possible that a northern L. fabalis refugium existed during
the last glacial maximum (LGM) (Sotelo et al., 2020), it is more likely that the majority of these
coastlines were colonized after the LGM (Charbit, Ritz, Philippon, Peyaud, & Kageyama, 2007).
This, together with the absence of appreciable genetic differentiation at neutral markers between
the ecotypes across this region (Sotelo et al., 2020), implies a relatively recent local establishment

of habitat-related phenotypic divergence.

In clear contrast with the pattern observed for neutral markers, Ark intron sequencing revealed
significantly substantial divergence between individuals from sheltered and moderately exposed
habitats (Kemppainen, Lindskog, Butlin, & Johannesson, 2011). Results from populations in these
different countries showed that one haplotype was nearly fixed and shared throughout sheltered
habitats, while wave-exposed habitats maintained higher variation (Johannesson & Mikhailova,
2004; Kemppainen et al., 2011). This raised the possibility of “evolution in concert,” in which
locally adapted genes emerge once and then spread to distant populations, inhabiting the same
habitat, via ecotype-specific selective sweeps (Johannesson et al., 2010; Kemppainen et al., 2011;
Schluter & Conte, 2009). Despite this, and except for Ark and the putatively associated RAPD
locus, it is still unknown whether the same genetic variation is involved in the evolution of these
ecotypes. Additionally, a more systematic analysis of shell morphology is required to test if the

observed differences between ecotyopes are consistent across multiple locations.

1.8 THESIS AIMS AND OUTLINE

In this thesis, I studied two different species of the Littorina genus that potentially represent distinct
stages of the speciation continuum. The fundamental question throughout was whether the evolu-
tion of phenotypically divergent ecotypes observed in L. fabalis and L. saxatilis occured through
parallel evolution independently in different locations or whether the ecotypes had a single origin.

Parallel evolution provides indirect evidence for the action of natural selection in driving diver-
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gence, hence it is important to disentangle these two scenarios. Another key question was quanti-
fying gene flow levels during ecotype formation, and assessing whether the remarkable phenotypic
differences between ecotypes found in close proximity could evolve despite gene flow. To answer
these questions I combined modelling with population genetics data, analysing patterns of genetic
structure and sharing of outlier loci and leveraging whole-genome data obtained with Pool-seq to
explicitly contrast models representing scenarios of parallel or single origin. To accomplish the

main goals of this thesis, I defined the following specific objectives:

Detect nonoutlier and outlier loci of Littorina fabalis ecotypes and compare their patterns to

assess whether population structure is consistent with parallel evolution.

* Develop new methods to model and simulate Pool-seq data, accounting for differences in

coverage depth, variations in individual contributions, and sequencing errors.

Streamline the use of Pool-seq data in demographic inference by developing and validating

a method to distinguish between various scenarios of ecotype formation.

* Contrast scenarios of ecotype formation in Littorina saxatilis at different geographic scales,

using Pool-seq data from populations from Sweden and Spain.

The thesis is divided into four distinct chapters, preceded by a general introduction and followed
by a general discussion that integrates the content of these chapters. Each of these four chapters

tackles one of aforementioned objectives:

Chapter 2 - Genetic and morphological divergence between Littorina fabalis ecotypes in

Northern Europe

Chapter 3 - poolHelper: an R package to help in designing Pool-Seq studies

Chapter 4 - Integrating Pool-seq uncertainties into demographic inference

Chapter 5 - Parallel evolution of local adaptation in Litforina saxatilis inferred with whole-

genome pool-seq data

In the first chapter, I focused on two Littorina fabalis ecotypes from Northern European shores.
The main objective of this chapter was to provide an initial understanding of the patterns of habitat-
related phenotypic and genetic divergence across three different geographic levels in Littorina fa-

balis, which remains less explored in scientific literature compared to Littorina saxatilis. To achieve

16



this, I conducted a comprehensive analysis, comparing the patterns of phenotypic and genetic diver-
gence across three distinct geographic scales: local, regional, and global. My aim was to evaluate
the extent to which the patterns of phenotypic and genetic divergence differ between locations and
if the genetic basis for the observed phenotypic divergence is the same. Through characterizing
the phenotypic and genetic differentiation of these L. fabalis ecotypes, this chapter contributed to
advancing our knowledge of adaptation and its role in promoting diversification within the ma-
rine ecosystem. Ultimately, the findings from this chapter provide a preliminary understanding of
the speciation dynamics in Litforina fabalis, offering a foundation for future investigations in this

species.

In the next chapter, I sought to address the previously identified lack of methods to model and
simulate Pool-seq data. The goal of this chapter was to develop a convenient and easily accessible
method to simulate Pool-seq data, effectively accounting for various factors such as differences in
coverage depth, variations in individual contributions, and sequencing errors. My aim was first,
to develop an effective tool capable of simulating Pool-seq data, and secondly, to utilize this tool
to evaluate the precision of allele frequency estimates obtained through Pool-seq. Thus, my aim
was not only to enable the simulation of Pool-seq data but also to offer a means to assess the
reliability and accuracy of allele frequency estimates obtained from Pool-seq experiments. The
work developed here led to the release of a software package, implemented in the R environment,
that allows researchers to simulate Pool-seq data under different combinations of parameters (e.g.
pool size, depth of coverage, unequal individual contribution) before sampling and generating data.
Thus, this package provides a valuable tool for researchers, allowing them to identify the best

sampling scheme to answer their research questions.

The subsequent chapter of my thesis built upon the previous chapter by incorporating the
method for simulating Pool-seq data into an Approximate Bayesian Computation (ABC) frame-
work. The main objective of this chapter was twofold: firstly, to bridge the gap between Pool-seq
data and demographic inference and secondly, to provide an easy-to-use method capable of lever-
aging whole-genome data to differentiate between scenarios of ecotype formation. In this chapter,
I developed a novel method capable of jointly modelling Pool-seq data, demographic history and
the effects of selection due to barrier loci. Through this approach I obtained accurate estimates
of demographic history parameters while accounting for technical errors associated with Pool-seq.
The resulting method has been made accessible as an R package, allowing researchers to differen-
tiate between general scenarios of ecotype formation (single versus parallel origin) using genomic
data obtained from Pool-seq across multiple populations. To validate the efficacy of the method,
I conducted a comprehensive simulation study and applied it to real Littorina saxatilis Pool-seq

data. The results showed that demographic modelling and inference can be successfully achieved
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using Pool-seq data within an ABC framework. Overall, this chapter aims to fill an important gap
in the field, offering an efficient tool for researchers interested in using Pool-seq data to perform

demographic inference.

In the final chapter, I applied the methodologies developed in the previous two chapters to anal-
yse a large Pool-seq dataset of the rough periwinkle, Littorina saxatilis. The goal of this chapter
was to contrast scenarios of ecotype formation and assess whether the origin of the ecotypes was
the result of parallel evolution. Understanding and assessing the neutral demographic history of
species exhibiting the recurrence of similar phenotypes across a wide geographical range is essen-
tial in enhancing our comprehension of how natural selection influences the process of divergence.
Furthermore, it is important to pinpoint the specific taxa where this re-occurrence of phenotypes oc-
curred in parallel. Identifying such taxa is crucial because only populations from those species can
be regarded as natural replicates, providing a strong foundation for studying local adaptation and
reproductive isolation. Ultimately, the work developed in this thesis may contribute to the study
of speciation and adaptation in other taxa with similar patterns of phenotypic divergence across

diverse geographical regions.
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2.1 ABSTRACT

Low dispersal marine intertidal species facing strong divergent selective pressures associated with
steep environmental gradients have a great potential to inform us about local adaptation and repro-
ductive isolation. Among these, gastropods of the genus Littorina offer a unique system to study
parallel phenotypic divergence resulting from adaptation to different habitats related with wave ex-
posure. In this study, we focused on two Littorina fabalis ecotypes from Northern European shores
and compared patterns of habitat-related phenotypic and genetic divergence across three different
geographic levels (local, regional and global). Geometric morphometric analyses revealed that in-
dividuals from habitats moderately exposed to waves usually present a larger shell size with a wider
aperture than those from sheltered habitats. The phenotypic clustering of L. fabalis by habitat across
most locations (mainly in terms of shell size) support an important role of ecology in morphological
divergence. A genome scan based on amplified fragment length polymorphisms (AFLPs) revealed
a heterogeneous pattern of differentiation across the genome between populations from the two
different habitats, suggesting ecotype divergence in the presence of gene flow. The contrasting pat-
terns of genetic structure between nonoutlier and outlier loci, and the decreased sharing of outlier
loci with geographic distance among locations are compatible with parallel evolution of phenotypic
divergence, with an important contribution of gene flow and/or ancestral variation. In the future,
model-based inference studies based on sequence data across the entire genome will help unravel-
ling these evolutionary hypotheses, improving our knowledge about adaptation and its influence on

diversification within the marine realm.

Keywords: adaptation, AFLPs, divergent natural selection, ecological speciation, flat periwinkles,

gene flow, geometrics—morphometrics, parallel evolution, shell morphology

2.2 INTRODUCTION

The marine rocky intertidal represents one of the most abrupt environmental gradients on Earth
(Little & Kitching, 1996; Raffaelli & Hawkins, 1996; Tomanek & Helmuth, 2002). Different envi-
ronmental conditions across the tidal range result in patterns of vertical and horizontal (along the
shore) zonation both in terms of species diversity and in terms of intraspecific phenotypic variation
(Connell, 1972; Little & Kitching, 1996; Raffaelli & Hawkins, 1996; Southward, 1957). Wave
action is one of the most important physical selective agents across intertidal environments world-
wide, shaping both axes of zonation (Le Pennec et al., 2017). Habitats exposed to, or sheltered

from waves differ consistently in their biodiversity (Denny & Wethey, 2001; Helmuth & Denny,
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2003). Biotic factors are also known to affect the intertidal community (e.g. presence of predators;
Paine and Fenchel 1994, which adds to the abiotic selective pressures (Seeley, 1986). Altogether,
these environmental gradients make the intertidal a natural laboratory to study local adaptation and

ecological speciation.

Taxa with low dispersal, where divergent selection can be strong enough to counteract gene
flow among populations and promote divergence with gene flow, are particularly well suited for
studies about local adaptation and ecological speciation (Sanford & Kelly, 2011; Smadja & Butlin,
2011). Among these, species with distinctive phenotypes associated with different microhabitats
(i.e. ecotypes) in the intertidal can provide important information about how natural selection
influences biological diversification (e.g. Coyer et al. 2011; Kess, Galindo, and Boulding 2018;
Sanford and Kelly 2011; Wilding, Butlin, and Grahame 2001). Instances of parallel evolution of
ecotypes across similar environmental gradients in multiple locations across a species’ distribution,
that is parallel evolution, are viewed as support for a role of natural selection in driving divergence.
This is because it is unlikely that ecotypes have repeatedly evolved in the same phenotypic direction
if only purely stochastic processes were involved (K. Johannesson, 2001; Nosil, 2012; Schluter,
2000).

The characterization of the genetic variation underlying parallel evolution allows to distinguish
if repeated events of phenotypic divergence tend to involve the same de novo mutations, different
de novo mutations in the same or different genomic regions, ancestrally shared standing polymor-
phisms, the same alleles due to migration between populations or a combination of all the above
(Elmer & Meyer, 2011; Faria et al., 2014; K. Johannesson et al., 2010; Nosil, 2012). Thus, the
study of parallel phenotypic divergence across intertidal microhabitats can help us understand if
adaptation usually involves the same genetic paths, as well as the relative contributions of ancestral

polymorphism and/or gene flow.

Parallel ecotypic divergence in the intertidal zone has been particularly well documented in the
rough periwinkle Littorina saxatilis (Gastropoda; Galindo and Grahame 2014; Reid 1996; Rolan-
Alvarez, Austin, and Boulding 2015). Two main ecotypes have been described: a large, thick-
shelled ecotype inhabiting sheltered microhabitats that faces intense crab predation (Crab ecotype);
and a small, thin-shelled one facing heavy surf in exposed microhabitats (Wave ecotype) (reviewed
in K. Johannesson et al. 2010). These ecotypes, found only tens of metres apart in Spain, the United
Kingdom (UK) and Sweden, have diverged in parallel within each of these countries (Butlin et al.,
2014). Amplified fragment length polymorphisms (AFLPs) allowed the initial identification of loci
under divergent selection (hereafter “outliers”) between ecotypes and provided the first insights

on the proportion of outliers shared at different geographic scales, within and among countries
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(Galindo, Martinez-Fernandez, Rodriguez-Ramilo, & Roldn-Alvarez, 2013; Galindo, Morén, &
Rolan-Alvarez, 2009; Grahame, Wilding, & Butlin, 2006; Hollander, Galindo, & Butlin, 2015;
Wilding et al., 2001). Benefiting from the assembly of a reference genome and the construction
of a genetic map for L. saxatilis, the heterogeneous genomic differentiation between ecotypes was
recently confirmed with the identification of some genomic regions enriched for the presence of
outliers, which tend to coincide with polymorphic inversions (Faria et al., 2019; Westram et al.,
2018). Moreover, whole-genome sequencing of pools of individuals from multiple populations
of both ecotypes across the species’ distribution range revealed that outlier sharing tends to be
high even among distant populations, although it decreases with the geographic distance between

populations (Morales et al., 2019).

A closely related species for which phenotypic variation is also found associated with an envi-
ronmental cline in wave exposure is Littorina fabalis (Kemppainen, Nes, Ceder, & Johannesson,
2005; Reimchen, 1981; Tatarenkov & Johannesson, 1994, 1998, 1999). Individuals with large and
thick shells (hereafter “large ecotype’) are commonly found in moderately exposed shores, whereas
individuals with smaller and thinner shells (hereafter “dwarf ecotype”) predominate in sheltered
habitats. Contrary to L. saxatilis that live on rocks, these two L. fabalis ecotypes dwell on brown
macroalgae (Fucus spp. and Ascophyllum spp.), grazing on the epiphytes that grow on the algae
fronds (Williams, 1990). The fronds are also thought to provide refuge against one of their main
predators, the green crabs (Carcinus maenas), that are found in both microhabitats (Kemppainen et
al., 2005).

Habitat-related variation in one allozyme locus (arginine kinase, Ark) was initially found in
Swedish populations of L. fabalis, suggesting that this locus was under the influence of natural
selection related to wave exposure and/or other associated factors (Tatarenkov & Johannesson,
1994). The differences in Ark allele frequencies between sheltered and moderately exposed habitats
were also associated with variation at a random amplification of polymorphic DNA (RAPD) locus
and with the size differences described above. This is true even for sites with intermediate exposure,
suggesting some reproductive isolation between the ecotypes despite gene flow (K. Johannesson &
Mikhailova, 2004; Tatarenkov & Johannesson, 1998).

Similar habitat-related phenotypic divergence has also been observed at least in the UK (Wales),
France and Norway, where contrary to Sweden, L. fabalis also has to face high tidal amplitudes
(Kemppainen, Lindskog, Butlin, & Johannesson, 2011; Kemppainen, Panova, Hollander, & Johan-
nesson, 2009; Reimchen, 1981; Tatarenkov & Johannesson, 1999). Even if a northern refugium
could have existed during the last glacial maximum (LGM) for L. fabalis (Sotelo et al., 2020),
most of these shores were likely colonized after the LGM (Charbit, Ritz, Philippon, Peyaud, &
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Kageyama, 2007). This, together with the absence of significant genetic differentiation between
the ecotypes across this region using neutral markers (Sotelo et al., 2020), suggests a relatively

recent (after the LGM) local establishment of habitat-related phenotypic divergence.

Contrary to neutral markers, Ark intron sequencing revealed highly significant divergence be-
tween individuals from sheltered and moderately exposed habitats (Kemppainen et al., 2011). Re-
sults show that one haplotype was almost fixed and shared across sheltered habitats of these differ-
ent countries whereas wave-exposed habitats maintained similarly higher variation. This increases
the possibility of “evolution in concert”, where locally adapted alleles could arise once and sub-
sequently spread to geographically distant populations inhabiting the same habitat by means of
ecotype-specific selective sweeps (K. Johannesson et al., 2010; Kemppainen et al., 2011; Schluter,
2009). However, except for Ark and the putatively linked RAPD locus, whether the same genetic
variation is involved in the evolution of these ecotypes is currently unknown. Thus, studies that
integrate both morphological data and a high number of nuclear markers from different locations
are needed to evaluate the parallelism of phenotypic divergence in L. fabalis across its geographic

range, as well as the genetic variation and processes involved.

In this study, we used shell geometric morphometrics and AFLPs to perform the first charac-
terization of L. fabalis ecotypes across multiple Northern European populations (Norway, Sweden
and the UK) with four main goals: (a) to understand if shell shape and size divergence evolved in
the same direction among locations within the same country and across countries; (b) to identify
loci involved in the differentiation between sheltered and exposed sites (i.e. outlier loci); (c) to
quantify the degree of outlier sharing at two different geographic scales: within and among coun-
tries; and (d) to contrast population structure and relatedness using outlier (putatively adaptive)
versus nonoutlier loci (putatively neutral) in order to gain insights about the evolutionary history
of phenotypic divergence. Although not fully conclusive, our results are compatible with pheno-
typic parallel divergence within L. fabalis associated with habitat and reveal a pattern of outlier
sharing that suggests a relevant role of gene flow and/or retention of ancestral polymorphism in the

evolution of ecotypes.
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2.3 MATERIAL AND METHODS

2.3.1 SAMPLING

Littorina fabalis individuals from both sheltered and moderately exposed habitats were randomly
collected with respect to their shell morphology between August and October 2012, the sample size
in each population varied between 21 and 72 (average N = 39) (Table A2.1). A nested sampling
design was implemented: samples were collected from each habitat within each location with repli-
cates at two geographical scales: regional (two to three locations within each country, < 50 km)
and global (different countries, > 1000 km) (Figure 2.1, Figure A2.1, Table A2.1). This allows the
investigation of parallel evolution at these two contrasting scales.

0 500 1000 km

Figure 2.1: Sampling locations. (A) Map of Europe highlighting the three countries where populations of Littorina
fabalis were sampled: (B) Wales, United Kingdom (UK), (C) Norway and Sweden. Zoom in showing the sampling
locations in Wales (D), Norway (E) and Sweden (F): 1 - Anglesey North and 2 - Anglesey South, in Wales; 3 - Selgyna,
4 - Syltgyna and 5 - Hummelsund, in Norway; 6 - Lokholmen and 7 - Ursholmen, in Sweden.

Within each location, sites representing each type of habitat were preselected based on infor-

mation from previous studies (Kemppainen et al., 2009; Tatarenkov & Johannesson, 1994), or on
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their orientation and topography as retrieved from the Google Earth Engine (Gorelick et al., 2017).
This preclassification was further confirmed in situ, where sheltered habitats were distinguished
from moderately exposed ones by the high abundance of Ascophyllum spp., a macroalga that is
commonly used as an indicator of sheltered shores (Tatarenkov & Johannesson, 1998). However,
two putatively exposed sites did not adjust to these patterns: those in Anglesey South (UK) and in
Ursholmen (Sweden) (Table A2.1). In Anglesey South, Ascophyllum spp. was only abundant in
the upper part of the shore but individuals were collected from the lower part, where wave action is
likely rather high. In Ursholmen, the moderately exposed site was chosen based on its orientation
towards relatively open sea but Ascophyllum spp. was highly abundant there. The site was still
included in the study but re-classified as sheltered (Table A2.1). Since we were not able to sample
a proper moderately exposed site in Ursholmen, this location was excluded from statistical tests on
shell morphology. It is also important to emphasize that the distance between habitats within each
location differs among countries. In the Scandinavian locations, snails are continuously distributed
along the shore from sheltered to moderately exposed sites (i.e. parapatric), which are < 500 m
apart. In the UK, the two habitats within each sampled location are geographically isolated from
each other, from 400 m to 8 km apart (Figure 2.1, Figure A2.1). After collection, individuals were

brought alive to the laboratory where they were frozen at —20°C and then stored in 95% ethanol.

2.3.2 SAMPLE PROCESSING AND CLASSIFICATION INTO SPECIES

Shells of adult individuals were photographed over graph paper (used for scale) in a standardized
position following Carvajal-Rodriguez, Conde-Padin, and Roldn-Alvarez (2005) and using a digital
ICA video module fitted on a MZ12 dissection microscope (Leica) for subsequent geometric mor-
phometric analyses. Shells were then broken, and individuals dissected and sexed under the same
microscope. Since shell morphology is not completely diagnostic between the two closely related
species of flat periwinkles (L. fabalis and L. obtusata), we could not guarantee that all collected in-
dividuals were indeed L. fabalis just based on their shells. Thus, we focused our analysis on males,
which were classified into L. fabalis or L. obtusata based on the morphology of their genitalia, one
of the most distinctive traits between the two species (Costa et al., 2020; Reid, 1996). In sites where
the number of males was too low, females and immature individuals were also included. Never-
theless, all samples (including males) were later classified into species using the AFLP genotypes.
To do so, 17-19 individuals from L. obtusata populations within each country were deliberately

included in the genetic analysis as references.
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2.3.3 SHELL GEOMETRIC MORPHOMETRICS

Geometric morphometric (GM) analyses were carried out following the methodology previously
developed for flat periwinkles by Costa et al. (2020). This consisted in digitizing a total of 28
landmarks for each shell of adult individuals (males and females classified as L. fabalis), including
4 fixed and 24 sliding semilandmarks, using TPSDIG v1.40 (Rohlf, 2006).

Superimposition of landmark coordinates was performed using generalized Procrustes analysis
(GPA; Rohlf and Slice 1990), retrieving shape variables (i.e. Procrustes residuals) and centroid
size (CS), the latter used as an estimate of size for each individual. The final dataset consisted of
318 adult individuals (confirmed to be L. fabalis based on genitalia morphology and/or genetics),

representing all seven locations.

A principal component analysis (PCA) of shape variables was conducted to assess overall pat-
terns of variation. In addition, UPGMA dendrograms for size and shape were generated to evaluate
clustering patterns between samples from each habitat and location, based on Euclidean distances
(for size) and Procrustes distances (for shape) of population means. General linear models (GLMs)
were then used to assess if shell shape and size (logCS) differed significantly between the two
sampled habitats and to evaluate whether these differences varied among locations and countries.
As such, GLMs included country, habitat and sampling location (nested within country) as main
effects, as well as all interaction terms. Allometric effects were also investigated by performing a
GLM on shape with logCS as a covariate, using the same factorial design. These analyses were
carried out in the geomorph R package (Adams, Collyer, & Kaliontzopoulou, 2019), using random-
ized residual permutation procedures (RRPP) of 1,000 permutations and Z-scores for significance
assessment (M. Collyer & Adams, 2019; M. L. Collyer & Adams, 2018). Deformation grids were
used to visualize differences in shape between L. fabalis individuals from the two habitats within

each location.

Finally, a discriminant function analysis (DFA) based on shape was implemented using the R
package MASS v7.3.50 to infer the probability of morphological assignment of individuals into
moderately exposed or sheltered habitats. The DFA was constructed based on the 287 individuals
from all locations under study except for Ursholmen, using a leave-one-out cross-validation proce-
dure. The resulting morphological posterior probability (PP) assignments were then compared with
the genetic membership coefficients obtained in STRUCTURE (see below) for the 83 individuals
for which both genetic and phenotypic data were available. All morphological data analyses where

carried out in the R language for statistical computing (Team, 2019).
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2.3.4 GENETIC ANALYSES

Genomic DNA was extracted using the CTAB—chloroform protocol described in Galindo et al.
(2009). DNA quantity and purity were assessed with a BioDrop ulite (BioDrop) spectrophotometer

and adjusted to a final concentration of 20 ng/u/ for each sample.

The AFLP analysis was performed using a modified version of the protocol developed for L.
saxatilis (Galindo et al., 2009). Briefly, 100 ng of DNA was digested in a final volume of 12 pul
with 4U EcoRI (New England Biolabs, NEB) and 2U Msel (NEB) in 1X Buffer EcoRI (NEB)
supplemented with 0.03 pug of BSA. After a 3.5-hr incubation at 37°C, ligation of Eco and Mse
adaptors was done by adding 3 pul of a solution with 5 pmol of each adaptor and 0.25 U T4 DNA
ligase (Roche) in 1X ligase buffer. Samples were incubated for 16 hr at 16°C. In digestion and
subsequent steps, all samples were randomly distributed across 96-well plates, and 15% of repli-
cate samples were included. The preselective PCR was performed in 10 pl final volume containing
2 ul of a 1:4 dilution of the ligation product, 0.3 mM of dNTP mix (Applied Biosystems), 2 mM
of MgCl2, 5 pmol of each preselective primer (Eco + A, Mse + C) and 0.3 U of Taq polymerase
(Bioline) in 1X PCR Buffer. The first selective PCR was performed on 1 pl of 1:4 dilution of the
preselective PCR using the same reaction mixture but with the addition of 4 pmol Eco + ACT (FAM
labelled), 2.5 pmol Eco + AAG (NED) and 5 pmol Mse + CAA primers. A second selective PCR
was performed with Eco + ACT, Eco + AAG and Mse + CAC. PCR conditions, adaptor and primer
sequences are described in Galindo et al. (2009). Selective PCR products were analysed on an
ABI 3130 sequencer (Applied Biosystems) at CACTI (Centro de Apoyo Cientifico y Tecnologico
a la Investigacion, University of Vigo) along with GeneScan S00ROX (Applied Biosystems). Elec-
tropherograms were initially analysed with PeakScanner v.2.0. Loci were manually assigned by
defining bins from the overlapping electropherograms of all the samples in RawGeno v.2.0 (Ar-
rigo, Holderegger, & Alvarez, 2012). The error rate (9% on average overall primer combinations)
was estimated with the R package AFLPtools (https://github.com/genevalab/AFLPTools)
that follows AFLPScore methodology (Whitlock, Hipperson, Mannarelli, Butlin, & Burke, 2008).

The final genotypes were obtained using the same package.

In order to identify L. obtusata individuals that could have been erroneously classified as L.
fabalis based on shell appearance (prior GM analyses), AFLP-SURV v.1.0 (Vekemans, Beauwens,
Lemaire, & Roldan-Ruiz, 2002) was used to calculate 1-relatedness coefficient (Lynch & Milligan,
1994) matrix between pairs of individuals, and then, a multidimensional scaling analysis (MDS)
was implemented in R (Team, 2019). The individuals that clustered with the L. obtusata individuals

were removed from all morphological and genetic analyses, resulting in a final dataset formed by
503 L. fabalis individuals.
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2.3.5 DETECTION OF OUTLIER LOCI

Two different methodologies were used to identify outlier loci between L. fabalis exposed and shel-
tered habitats, BAYESCAN v.2.1 (Foll & Gaggiotti, 2008) and DFDIST (Beaumont & Nichols,
1996). In both cases, the analyses were carried out independently within each location. As pre-
viously mentioned, both Ursholmen sites were likely sheltered. Thus, we do not expect to detect
outliers related to the level of wave-exposure or associated factors. Nevertheless, outliers between

the two sites were still estimated as a control.

BAYESCAN calculates population-specific and locus-specific Fsr coefficients and then esti-
mates the posterior probabilities of two alternative models (including or excluding the effect of se-
lection) for each locus using a reversible-jump Markov chain Monte Carlo (MCMC) approach. Ten
pilot runs (10,000 iterations) were performed to tune the model parameters, followed by 400,000
iterations (100,000 as burn-in, 20 as thinning interval and 20,000 as sample size). Loci were identi-
fied as outliers when the posterior probability was higher than 0.75 (equivalent to a Bayes factor of
3 or greater) (see Foll and Gaggiotti 2008). DFDIST simulates loci (200,000) under a neutral model
of two symmetrical islands with a mean Fsr adjusted to the empirical Fs7 between the ecotypes
calculated from the AFLP loci. Those loci with Fsr values significantly greater than the simu-
lated neutral distribution (Fs7 conditional on heterozygosity) were considered as outliers using two
different stringency criteria (p > .95 and p > .99). This analysis was conducted using the same
parameters as Galindo et al. (2009).

Simulation studies that compare BAYESCAN to other methodologies for outlier detection, in-
cluding DFDIST, have shown that BAYESCAN is more conservative concerning the number of
outliers detected (Pérez-Figueroa, Garcia-Pereira, Saura, Rolan-Alvarez, & Caballero, 2010). In
this study, all BAYESCAN outliers were consistently included within the set of DFDIST outliers
(p > .99). Because the goal of this study was to focus on the genetic structure of outlier ver-
sus nonoutlier loci (Galindo et al., 2009) rather than follow-up specific outlier loci (e.g. Wood,
Grahame, Humphray, Rogers, and Butlin 2008), we carried out subsequent genetic analyses using
the set of DFDIST outliers. Since the number of outliers (using the p > .99 cut-off) within some
locations was relatively low (see results), substructure analyses were based on a more lenient crite-
rion (p > .95). However, a more stringent criterion (p > .99) was used to compare the amount of
shared outliers among locations (conservative). On the other hand, in order to be conservative, we

considered nonoutlier loci only those with p < .80 in the DFDIST analysis.
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2.3.6 GENETICS SUBSTRUCTURE ANALYSIS

Genetic substructure analyses were performed with these two different sets of loci, all outliers (i.e.
putatively under divergent selection) and nonoutliers (i.e. putatively neutral). In both cases, they
represent the combination of loci detected in each locality. AFLP-SURV v.1.0 (Vekemans et al.,
2002) was used to calculate population pairwise genetic differentiation (Fsr) and Nei’s genetic
distance (10,000 bootstrap) using Zhivotovsky (1999) Bayesian approach. Neighbour-joining (NJ)
trees were constructed based on Nei’s genetic distance using the NEIGHBOR routine implemented
in the PHYLIP package (Felsenstein, 2013). The CONSENSE routine in PHYLIP was used to
determine the bootstrap percentage supporting each branch of the tree. Trees were visualized us-
ing FigTree v.1.4.4 (http://tree.bio.ed.ac.uk/software/figtree/). A Bayesian clustering
analysis was carried out in STRUCTURE v.2.3.4 (Pritchard, Stephens, & Donnelly, 2000) under
three different hierarchical levels: (a) global, including all sites; (b) regional, including all sites
within a country; and (c) local, including both the sheltered and exposed site within a location.
All analyses were performed with the outlier and nonoutlier data sets, considering only as outliers
those detected within the respective hierarchical levels (i.e. for the global analysis using all detected
outliers in all pairwise comparisons, for the regional analysis only those detected in the pairwise
comparisons within the corresponding region/country, whereas for the local analysis using only
the outliers detected in that specific location). The consistency of individuals’ assignment based
on outliers across the different hierarchical levels was assessed for each location using correlation
tests (Pearson correlation coefficient (r) - Sokal and Rohlf 1995), implemented in the R package
Stats v.3.6.1. For each K-value, we analysed five replicate runs of 500,000 iterations (100,000 as
burn-in), assuming an admixture model, correlated allele frequencies and without prior population
information. All analyses were carried out from K = 1 up to K = number of sites plus one, depend-
ing on the hierarchical level analysed. The method developed by Evanno, Regnaut, and Goudet
(2005) implemented in STRUCTURE HARVESTER was employed to determine the best K.

2.4 RESULTS

24.1 CHARACTERIZATION OF SHELL MORPHOLOGY AND
PHENOTYPIC DIVERGENCE

Adult individuals from each habitat differed significantly in size, with individuals from moderately

exposed habitats being consistently larger than those from sheltered habitats (Figure 2.2, Table
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A2.2). Accordingly, the UPGMA dendrogram based on centroid size (CS) revealed two main
groups (Figure 2.2b): individuals from sheltered habitats from all locations on one hand, and all
moderately exposed ones on the other except Syltgyna (Norway), which clustered within the shel-
tered group. Within each group, there was no particular geographic trend except for the clustering
of all Norwegian sheltered habitats together. Other significant factors affecting size revealed by
the general linear model (GLM) analysis included location and the interaction between habitat and
location, suggesting that size differences between habitats varied across locations. However, size

differences were not significant between countries (Table A2.2).
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Figure 2.2: Results of the geometric morphometric (GM) analyses of shell size. (a) Mean size (1o0gCS) of individuals
for each habitat across locations. Mean values are indicated by coloured symbols (vertical bars denote 95% confidence
intervals), whereas individuals are represented in grey; square and circle symbols represent the moderately exposed
and sheltered habitats, respectively. (b) UPGMA dendrogram based on Euclidean distances of mean shell size. For
Ursholmen, only samples of the sheltered habitat were included (see main text). Population codes are the same as in
Table A2.1 and Figure A2.1

The same factors influencing size also influence shape variation, as reflected by significant
effects of habitat, location and their interaction, but not of country (Table A2.2). When consider-
ing allometric effects, we found a significant influence of size on overall shape. In addition, size
seems to affect shape differently across locations (significant interaction between both effects) (Ta-
ble A2.2). Taking this effect of size into account, the same effects of habitat, location and their
interaction remained significant, suggesting that although size accounts for some of the observed

shape variation, it is not the only factor influencing it.

The distribution of individuals in the morphospace of the two principal components of shape
variation, which explained a total of 69.4% of variation (PC1: 42.1%; PC2: 27.3%), revealed that
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average shapes of individuals from the moderately exposed habitats tend to cluster in the lower-left
quadrant, whereas the average shape of individuals from the sheltered habitats is found in the upper-
right part, with the exception of Anglesey South (Figure 2.3a). This agrees with the GLM results
that show habitat as the factor with the strongest effect (based on Z-scores) on shape variation (as
well as on size), followed by location (Table A2.2). The UPGMA dendrogram based on shape
revealed two main groups, one consisting on the moderately exposed habitat from Scandinavian
locations except Syltgyna (as for size); and the second comprising the sheltered habitats from

Scandinavian locations and Syltgyna as well (Figure 2.3b).
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Figure 2.3: Results of the geometric morphometric (GM) analyses of shell shape. (a) Mean shape of individuals of
each habitat and location based on the two first principal components of the PCA, where mean values are indicated
by coloured symbols, whereas individuals are represented in grey; square and circle symbols represent the moderately
exposed and sheltered habitats, respectively. (b) UPGMA dendrogram based on the Procrustes shape distances. (c)
Deformation grids depicting the average shape of individuals of each habitat and location compared to the global mean.
Mean shapes were magnified x2 to improve visualization. For Ursholmen, only samples of the sheltered habitat were
included (see main text). Population codes are the same as in Table A2.1 and Figure A2.1
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Contrary to what was observed in terms of size, although populations within the UK clustered
by habitat rather than by location, they were nested within the clade composed mostly by sheltered
sites from other countries, suggesting also important geographic influence on shape, in accordance
with GLM results (Table A2.2). The inspection of deformation grids depicting the mean shape for
individuals from each habitat (Figure 2.3c) shows that individuals inhabiting the moderately ex-
posed habitat generally exhibit a larger width of the aperture (relative to overall shell size), whereas

individuals of the sheltered habitat tend to exhibit a smaller aperture.

24.2 DETECTION OF OUTLIER LOCI AND COMPARISON AMONG
LOCATIONS

A total of 746 AFLP loci were analysed in 299 individuals (average sample size per population of
21) (Table A2.1). The lowest proportion of outliers was detected in the Swedish site Ursholmen
(1.2%-5.3% for p > .99 and p > .95, respectively); and none of these outliers were shared with
other locations (for p > .99), not even with the other Swedish location (Lokholmen, ~ 10 km
apart) (Table 2.1). This suggests that indeed the populations from the two Ursholmen sites did not
(or poorly) diverge according to the same axis of divergence (sheltered vs. moderately exposed) as

in other locations, in agreement with the abundance of Ascophyllum spp. in both sampled habitats.

Table 2.1: Results of the outlier detection analysis performed with BAYESCAN and DFDIST at different significance
levels (p > .99, p > .95) for each location. The number of outlier loci and percentage (between brackets) over the total
number of loci analysed is shown. The number and percentage of nonoutlier (putatively neutral) loci (see Methods) is
also shown. Between ecotype Fsr values were calculated in AFLP-SURYV for overall loci, with all outlier 99 (p > .99),
all outlier 95 (p > .95), and all nonoutlier (p < .80).

DFDIST FST DFDIST FST DFDIST FST

Location  FST overall BAYESCAN N outlier 99 outlier 99 N outlier 95 outlier 95 N nonoutlier nonoutlier

WAngN 0.0469 2(0.4) 26 (4.7) 0.1886 53(9.5) 0.1488 437 (78.6) 0
WAngS 0.0369 5(0.9) 16 (2.8) 0.1699 36 (6.4) 0.1114  454(80.2) 0
NSel 0.0557 8 (1.5) 23 (4.2) 0.2304 41(7.5) 0.1581  434(79.2) 0
NSyl 0.0363 2(0.4) 23 (4.1) 0.1425 42 (7.5) 0.1063 442 (79.2) 0
NHum 0.0805 9(1.7) 29 (5.6) 0.2922 48 (9.2) 02079 422 (81.0) 0
SLok 0.0208 0 8 (1.6) 0.0895 31 (6.3) 0.0682 420 (84.7) 0
SUrs 0.0109 0 6(1.2) 0.0364 27 (5.3) 0.0410 414 (80.9) 0

Excluding Ursholmen, a total of 1.6%-5.6% of outliers (p > .99) and 6.3% — 9.5% of outliers
(p > .95) were detected across all locations using DFDIST (Table 2.1, Figure A2.2). Using the most
conservative threshold (p > .99), the number of outliers per location ranged from 6 in Lokholmen
(Sweden) to 29 in Hummelsund (Norway) with the Fs7 between habitats for these loci ranging from
0.0895 to 0.2922, respectively. This contrasts with lack of differentiation for nonoutlier loci (Table
2.1). In total, only three outliers (3.8%) are shared among all countries whereas the highest number
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of outliers are shared between locations within each country (Figure 2.4), with Norway presenting
the highest values (between 8 and 14 outliers, 21% and 36.8%, respectively) followed by the UK
(7 outliers, 20%) (Table 2.2). The number and proportion of shared outliers between locations of
different countries were generally lower, ranging from 2 (6.9%) between Lokholmen (Sweden) and
Syltgyna (Norway) to 7 (14.6%) between Anglesey North (UK) and Hummelsund (Norway; Table
2.2).

NOR

\Y/

Figure 2.4: Number of shared DFDIST outliers (p > .99) between locations for Wales, United Kingdom (A), Norway
(B), Sweden (C); and between countries (taking into account all the outliers across locations within a country) (D),
except Sweden for which only the outliers detected in Lokholmen were considered (see main text). The total number
of outliers within locations is represented inside the circles (including the shared ones)

In total, 147 outliers (p > .95) were detected across locations; this is combining the outlier loci
that were detected between habitats within each location. The NJ tree based on these 147 outliers
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shows that the populations group first by habitat and only then by country within each habitat (Fig-
ure 2.5a). The two Ursholmen populations cluster together within the “sheltered” clade confirming
the absence of a moderately exposed site within this location in our dataset. Consequently, this
site was excluded from the discussion on the main patterns revealed by this study, except when

otherwise specified.

The STRUCTURE analyses for outlier loci rendered K = 2 as the most likely number of ge-
netic clusters regardless of the geographic scale (global, regional and local; see Methods and Figure
2.6a). The results are similar across all three levels (correlation between the individuals’ member-
ship (r) > 0.92, p < 2.2¢7 %), showing that the two genetic clusters roughly coincide with the two
habitats (with the exception of Ursholmen, (r) < —0.02, p > .76 between local memberships and
the two other levels). However, some individuals present a genetic composition that is typical of
the opposite habitat where they were sampled, whereas others are genetically admixed between the
two clusters, suggesting migration and interbreeding between individuals from the two habitats.

Table 2.2: Number of shared DFDIST outliers (p > .99, below diagonal; p > .95, above diagonal) between locations.
In brackets, the percentage of shared outliers from the total number of outliers in the pairwise comparison.

Location WAngN WAngS NSel NSyl NHum SLok SUrs
WAngN 16(22.0)0 11 (13.2) 11(13.1) 13(14.8) 10(13.5) 9(12.7)
WAnNgS 7 (20.0) 14(22.2) 11(164) 16(23.5) 10(17.5) 2(3.3)
NSel 6 (13.9) 5(14.7) 17(25.7) 26(41.3) 11(18.0) 3(4.6)
NSyl 4 (8.9) 3(8.3) 8 (21.0) 20(30.00 9(@14.1) 34.5)
NHum 7 (14.6) 5(12.5) 14 (36.8) 11(26.8) 10 (14.5) 6 (8.7)
SLok 309.7) 2(9.1) 2(6.9) 3 (10.7) 3 (8.8) 504)
SUrs 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)

24.3 GENETIC SUBSTRUCTURE BASED ON NONOUTLIER LOCI

In contrast, the NJ tree for nonoutlier loci (380 loci, combining the nonoutlier loci detected indi-
vidually in each pairwise comparison) (Figure 2.5b) shows that the populations primarily group
by country and only then by location. The STRUCTURE results for K = 2 based on nonoutliers
also contrasted with those obtained based on outliers (Figure 2.6b). Instead of the two main clusters
representing the habitats where the individuals were found, the two main clusters separate UK from
Scandinavian populations (for K = 3) and only for K = 4 a split between Norwegian and Swedish
populations is observed. A similar substructure was observed for K = 7 (Figure A2.3), the most

probable number of clusters according to the Evanno method (not shown).
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Mean pairwise Fgr values show the lowest differentiation between populations from Norway
and Sweden, followed by populations from Norway and UK and then by populations from Sweden
and UK, in agreement with the geographic distance between countries (Figure A2.4A). The genetic
differentiation between locations is relatively higher in UK (Figure A2.4B), followed by Sweden
and Norway. Within each country, the populations from sheltered habitats showed higher differen-
tiation than the exposed ones, except in Norway where Fg7 between Syltgyna and Selgyna is close
to zero in both sheltered and moderately exposed habitats (Figure A2.4D). Pairwise Fs7 between
populations living in different habitats within each location was zero, whereas this was generally
not the case between populations from the same habitat among locations, apart from moderately

exposed locations from Norway (Figure A2.4 and Table A2.3).

Using a PP > 0.90 criterion to classify individuals as one of two ecotypes, 49 individuals over
a total of 83 analysed for both genetics and shape show concordant classification between the two
types of information, with the majority (96%, N = 47) of these samples assigned to the cluster/form
typical of the habitat where they were sampled (Table A2.4). The proportion of concordance was
similar between sheltered and moderately exposed habitats (59% and 55%, respectively), and al-
though this varies substantially between sites, we refrain to draw any conclusions given the small
sample sizes per site (from 1 to 11, Table A2.4). Some individuals that are genetically classified as
pure for the typical sheltered cluster show a typical shape of the exposed habitat (N = 9), and vice
versa (N = 5). However, most of these individuals (N = 9) belong to the genetic cluster typical
of the habitat where they were sampled (Figure A2.5, top left and bottom right). Finally, geneti-
cally admixed individuals (N = 14) present a wide range of shell shape, with the majority (N =9)
showing a morphology typical of moderately exposed habitats.

2.5 DISCUSSION

Studies of systems like L. fabalis, where different ecotypes coexist across a species’ distribution
range, offer important insights about the genetic variation underlying traits involved in local adap-
tation and ecological speciation. Combining an AFLP genome scan for outlier loci with geometric
morphometric analysis, we made the first attempt to detect genetic variation associated with di-
vergent ecotypes in terms of wave-exposure and/or related ecological factors (environmental or
biological) and to evaluate the level of sharing of these outlier loci between ecotypes across popu-

lations from the UK, Sweden and Norway.

46



2.5.1 THE ROLE OF NATURAL SELECTION ON PHENOTYPIC
DIVERGENCE

In agreement with previous studies (Kemppainen et al., 2011, 2005; Tatarenkov & Johannesson,
1998), mean shell size was larger in moderately exposed than in sheltered sites (Figure 2.2a). The
remarkable influence of habitat type in moulding size variation is evident in the size-based UP-
GMA dendrograms where moderately exposed sites (with a single exception) consistently cluster
together, irrespective of their geographic origin (Figure 2.2b). Although shell shape variation was
also influenced by geography, divergence between populations from the two contrasting habitats
was significant across locations (Figure 2.3a). Thus, despite local specific phenotypic effects, we
found consistent divergence in shell morphology between L. fabalis populations at the extremes
of similar environmental transitions across localities from the same or different European regions.
Although this could not be assessed in Ursholmen, observations from a moderately exposed site
recently visited show that this pattern holds for this island too, at least for size (R. Faria, personal

observation).

The patterns of phenotypic and genetic variation can be explained by both genetic and envi-
ronmental factors. Although a plastic component cannot be excluded, the association between
size/growth and genetic variation found by Tatarenkov and Johannesson (1998) in individuals orig-
inally from the same intermediately exposed habitat suggests an important heritable component.
This is in agreement with variation in shell morphology being largely genetically inherited in other
species within the genus, such as L. saxatilis (Conde-Padin, Caballero, & Rol4n-Alvarez, 2009;
Conde-Padin, Grahame, & Rolan-Alvarez, 2007; Galindo, Cacheda, Caballero, & Rolan-Alvarez,
2019; Hollander & Butlin, 2010; B. Johannesson & Johannesson, 1996; K. Johannesson, Rolan-
Alvarez, & Erlandsson, 1997) and L. subrotundata (Boulding & Hay, 1993; Kyle & Boulding,
1998). Thus, shell divergence between habitats across multiple populations of L. fabalis strongly
suggests local adaptation to different levels of wave exposure and/or related ecological factors. For
example, a larger shell aperture is observed in exposed sites when compared with sheltered sites
in L. fabalis (Figure 2.3c), which agrees with earlier findings in L. saxatilis (K. Johannesson et al.,
2010). In contrast, L. fabalis from central and northern Europe are larger in moderately exposed
habitats than in sheltered habitats (Reimchen, 1981; Tatarenkov & Johannesson, 1998), whereas
the opposite is true in L. saxatilis (K. Johannesson et al., 2010). However, both the sheltered and
moderately exposed habitats of L. fabalis correspond to the “crab” sites of L. saxatilis, whereas the

“wave” sites of L. saxatilis are far more exposed and crab free.
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A previous ecological study of the two L. fabalis ecotypes suggested that morphological dif-
ferences are due to a complex interaction between wave exposure and the algae canopy inhabited
by the snails, which provides shelter against crabs living in the boulders below (Kemppainen et al.,
2005). According to this hypothesis, individuals with a larger and thicker shell would be favoured
against predators in moderately exposed habitats where dislodgment is more likely. The shape
patterns observed here are consistent with this hypothesis as the large shell aperture characteristic
of individuals from moderately exposed habitats can accommodate a larger foot and protect them
against dislodgement. In this sense, the moderately exposed ecotype seems to be adjusted for both
higher predation (large size) and avoiding dislodgement (large aperture relative to body size), in
contrast to L. saxatilis where the exposed ecotype does not need protection against crab predation
and is only adapted to fit into crevices and cling tightly to the rocks to avoid wave dislodgement

(reviewed in K. Johannesson et al. 2010).

Strikingly, the moderately exposed population of Syltgyna (Norway) groups with the sheltered
populations when considering both size and shape (Figures 2.2b and 2.3b). This suggests that
selection related with wave action is weaker in this site, which is supported by our observations in
the field. Independently of the causes, this highlights that besides general habitat-related differences

there are also important location-specific effects on shell morphology (Table A2.2).

2.5.2 HABITAT-RELATED GENETIC DIFFERENTIATION

As commonly found in other studies (reviewed by Ravinet et al. 2017), our results reveal hetero-
geneous differentiation between ecotypes, with a relatively small proportion of loci showing high
levels of differentiation likely resisting the substantial gene flow that seems to be eroding differen-
tiation to very low levels in the rest of the genome here assessed. However, an important caveat of
genome scans is that the number (and proportion) of discovered outliers depends on how stringent
is the cut-off used to detect them (Faria et al., 2014). Here, we used different methods, including
BAYESCAN that is known to be conservative (Pérez-Figueroa et al., 2010), as well as different
stringency levels to detect outliers. For instance, when considering the less stringent criterion and
method (DFDIST, p > .95), we detected ~ 7% of outliers across locations, which is similar to
that detected between other pairs of divergent ecotypes in a wide range of taxa (reviewed in Nosil,
Harmon, and Seehausen 2009), including the Crab and Wave ecotypes of L. saxatilis (Butlin et
al., 2014). Nonetheless, as with any genome scan, these outliers must be seen as a list of poten-
tial candidate loci influenced by divergent selection that need further confirmation by alternative

approaches, as suggested by Ravinet et al. 2017.
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Outlier loci identified by means of genome scans could also result from factors not related
with local adaptation, such as background selection (Cruickshank & Hahn, 2014; Ravinet et al.,
2017). However, given that Fs7 between habitats based on nonoutliers is zero in all locations, it is
very unlikely that background selection would be strong enough to originate peaks of Fgr under
such substantial levels of gene flow. An important limitation of using AFLPs is that we cannot
directly assess the degree of physical linkage between loci (Stapley et al., 2010). Thus, we do
not know if these outliers are clustered within a single genomic region or are widespread across
the genome, limiting our power to further interpret the differentiation heterogeneity. However,
the consistent patterns of differentiation between habitats at different geographical scales (global,
regional and local) suggest that the outliers we detected are indeed influenced by the same axis of
selection across locations. The proportion of outliers and associated genetic differentiation vary
across locations, with the highest Fsr and number of outliers in Hummelsund (Norway), followed
by intermediate values in UK and lower differentiation in Sweden. Given the absence of significant
genetic differentiation based on nonoutlier loci in all locations (Sotelo et al. 2020; this study), these
patterns are compatible with differences in the strength of selection, which can result in geographic
heterogeneity under migration—selection equilibria. Nevertheless, future studies of hybrid zones
based on cline analysis of loci across the genome, like the one implemented by Westram et al.

(2018), will be important to confirm the role of divergent selection in this system.

2.5.3 OVERLAP BETWEEN OUTLIERS ACROSS LOCATIONS

A small number of outliers (3, p > .99) were shared among all countries but these estimates of out-
lier sharing need to be interpreted with caution. Although the genome size of L. fabalis is currently
unknown, data from closely related species (L. obtusata and L. saxatilis) suggest a genome size
of 1.2 — 1.35 Gb (Animal Genome Size Database 2.0, http://www.genomesize.com/). Thus,
the 746 AFLP loci we genotyped here confer relatively low resolution to assess both the number
of outliers and the amount of sharing across locations with high precision when compared, for in-
stance, with whole-genome sequencing. However, the number of shared outliers across the three
countries using the most stringent criterion is higher than what would be expected just by chance
(0). Furthermore, the trend for higher outlier sharing at smaller geographic scales, as we observe
here when we compare locations within and among countries, is consistent with the hypothesis
of evolution in concert, where some adaptive alleles spread over populations through gene flow

whereas others originated locally (K. Johannesson et al., 2010; Kemppainen et al., 2011).
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Alternatively, similar patterns could also have resulted from shared standing genetic variation
inherited from a common ancestral population (Westram, Panova, Galindo, & Butlin, 2016). In
fact, accumulated evidence from multiple systems suggests that an important component of the
variation involved in repeated episodes of adaptation is relatively old and maintained as standing
genetic variation (e.g. Marques, Lucek, Sousa, Excoffier, and Seehausen 2019; Roesti, Kueng,
Moser, and Berner 2015.

Ultimately, the level of outlier sharing also depends on the genomic architecture of the traits
under selection, including whether they have a polygenic basis versus just a few genes of large ef-
fect involved, the genomic distribution of the underlying genes and on the recombination landscape
across the genome. Indeed, genes involved in adaptation and speciation tend to cluster in regions
of low recombination (Ravinet et al. 2017 and references therein). The high linkage disequilibrium
between loci within these regions can lead to an increase in the amount of outliers shared across
locations, even if just one locus is influenced by selection or if the selective pressures actually dif-
fer among locations (Berner & Roesti, 2017; Haenel, Laurentino, Roesti, & Berner, 2018; Roesti,
Hendry, Salzburger, & Berner, 2012). This is particularly true within inverted regions, where re-
combination is heavily reduced in heterokaryotypes, as shown in multiple systems (Wellenreuther
& Bernatchez, 2018), including L. saxatilis (Faria et al., 2019; Morales et al., 2019). The pres-
ence of inversions in L. fabalis has been previously hypothesized based on strong association be-
tween snail size, Ark genotype, and a RAPD locus genotype (K. Johannesson & Mikhailova, 2004;
Tatarenkov & Johannesson, 1999). Since the location of the AFLP loci (anonymous markers) in
the L. fabalis genome is unknown, a contiguous reference genome together with a high-resolution
genome scan and linkage maps will be needed to understand the genomic architecture of adapta-
tion in this system and how it relates with the recombination landscape. In particular, the charac-
terization of transects across the environmental gradient using targeted-capture or whole-genome
sequencing, as those performed in L. saxatilis (Faria et al., 2019; Westram et al., 2018), will be

important to inform us about the role of inversions in L. fabalis diversification.

The contrast between the patterns of genetic structure based on outlier loci and on putatively
neutral variation is noteworthy. The clustering of populations from both ecotypes by geography,
when considering nonoutlier loci, suggests parallel evolution of L. fabalis ecotypes (Figures 2.4
and 2.5). However, gene flow between populations from different habitats is likely high enough to
generate a pattern of parallel evolution, even if they had a single origin and came into secondary
contact across multiple locations (Faria et al., 2014). Thus, a modelling approach, possibly based
on approximate Bayesian computation and using sequence data across the genome needs to be
implemented in future studies to infer the demographic history of ecotypes and specifically test

whether parallel evolution, as observed in L. saxatilis (Butlin et al., 2014), is more likely than a
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single origin of ecotypes. Nevertheless, the fact that almost half of all outliers (79 of 147 for p >
.95) are private to one location suggests that at least some components of divergent evolution are
site-specific. Consequently, even if some of the genetic variation involved in ecotype differentiation
had a single origin and was shared after secondary contact, each ecotype is likely to follow its own

evolutionary trajectory in each location.

2.5.4 IMPLICATIONS FOR THE STUDY OF SPECIATION

Studies of local adaptation in intertidal habitats of rocky shores are key to quantify the contribution
of ecological speciation to marine biodiversity (Sanford & Kelly, 2011). Overall, our results are
consistent with the role of natural selection in driving divergence between L. fabalis ecotypes in
the presence of gene flow. Previous mate choice experiments have shown that, although both males
and females from the large ecotype tend to mate assortatively, males of the small ecotype can mate
with both small and large ecotype females (Saltin, Schade, & Johannesson, 2013). However, while
mate choice is known to play an important role in reproductive isolation in L. saxatilis (Perini,
Rafajlovi¢, Westram, Johannesson, & Butlin, 2020), whether this partial reproductive barrier is
likely to result in significant reproductive isolation remains to be evaluated in natural populations
for L. fabalis. Nevertheless, the maintenance of habitat-related phenotypic differentiation in L.
fabalis despite high gene flow likely involves multiple loci influencing different traits, including
shell thickness, growth and shape, suggesting some degree of reproductive isolation generated by
extrinsic (ecological) factors. Although more detailed studies are needed to confirm and extend
some of the reported results, the heterogeneous patterns of differentiation here identified, where a
relatively small proportion of loci resist the homogenizing effects of gene flow in comparison with
lack of differentiation at most studied loci, is compatible with initial stages of ecological speciation
(Nosil, 2012; Seehausen et al., 2014). The L. fabalis system thus comprises an interesting system
from the marine environment where information from multiple instances of divergence across an
environmental transition opens doors for further studies on how populations cope with environmen-
tal changes (Sgro, Lowe, & Hoffmann, 2011) and how different reproductive barriers accumulate

during speciation.
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2.8 APPENDIX

Table A2.1: Sampling information. Country, location, habitat (sheltered, moderately-exposed), code, geographic co-
ordinates, date, number of individuals sampled (N) and number of individuals analysed for AFLPs (N4rrp) for each
location. Habitat was inferred based on the abundance of Ascophyllum spp. Location numbers follow those present in
Figure 2.1. Sheltered sites are named with the abbreviation “She” and moderately-exposed sites with “Exp”.

Country Location Habitat Code Coordinates Date N NAFLP
Wales Anglesey — North (1) Mod-Exp WAngN _Exp 23235027\)51 > September 2012 21 19
53°25’20”N,
Wales Anglesey — North (1)  Sheltered WAngN_She 4999°09"W September 2012 50 24
53°14°26”N,
Wales Anglesey — South (2) Mod-Exp WAngS_Exp 4935743 W September 2012 72 22
53°14°28”N,
Wales Anglesey — South (2)  Sheltered WAngS_She 4935735 W September 2012 56 17
Norway Selgyna (3) Mod-Exp NSel _Exp 29 4;,838§EN’ August 2012 30 23
Norway Selgyna (3) Sheltered NSel_She 29 4§ ’8341L’3’EN’ August 2012 26 22
Norway Syltgyna (4) Mod-Exp NSyl _Exp 29 s é ,SZZLQEN’ August 2012 30 22
Norway Syltgyna (4) Sheltered NSyl_She 2?5;8 441%EN’ August 2012 22 20
Norway Hummelsund (5) Mod-Exp  NHum_Exp 290‘1105 égEN August 2012 33 23
Norway Hummelsund (5) Sheltered = NHum_She 2904110 4éZEN, August 2012 38 21
Sweden Lokholmen (6) Mod-Exp SLok _Exp ﬁo(s)z,gg,g Sept./Oct. 2012 43 23
Sweden Lokholmen (6) Sheltered SLok_She ﬁogé,gé,,g’ Sept./Oct. 2012 41 23
Sweden Ursholmen (7) Sheltered SUrs_She ?gogg,gg,,g’ Sept./Oct. 2012 59 22
Sweden Ursholmen (7) Sheltered*  SUrs_She* ?gégggg Sept./Oct. 2012 35 18

*Despite previous information suggesting this site was moderately-exposed, the high density of Ascophyllum spp.
observed in situ rather suggests that it is sheltered (see main text).
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Table A2.2: General Linear Model (GLM) statistics for the analysis of variation in shell morphology across countries,
habitats and locations, regarding size (1ogCS) and shape separately, as well as shape accounting for the influence of
size. df, degrees of freedom; SS, sums of squares; Z, Z-scores; P, p-value (* indicates significant values).

df SS Z P
country 2 2.6054 0.88121 0.172
habitat 1 5.1304 3.00222 0.001*
Size location ‘ 3 0.4899 2.74808 0.001*
country:habitat 2 0.2555 0.30797 0.379
habitat:location 3 0.2733 2.10947 0.003*
Residuals 275 4.7219
Total 286 13.4764
df SS Z P
country 2 0.1569 0.9182 0.188
habitat 1 0.2281 4.7894 0.001*
Shape location ‘ 3 0.1196 3.8528 0.001*
country:habitat 2 0.1484 1.0216 0.152
habitat:location 3 0.1159 3.5351 0.001*
Residuals 275 2511
Total 286 3.28
daf SS Z P
CS 1 0.0884 3.7042 0.001*
Shape country 2 0.1707 0.9007 0.186
habitat 1 0.1614 4.3813 0.001*
location 3 0.134 4.2491 0.001*
CS:country 2 0.134 1.3922 0.074
CS:habitat 1 0.008 0.2556 0.400
country:habitat 2 0.0829 0.7487 0.217
CS:location 3 0.0772 27671 0.003*
Accounting habitat:location 3 0.0774 2.754 0.002*
for size CS:country:habitat 2 0.0346 0.2294 0.406
CS:habitat:location 3 0.0451 1.4693 0.072%*
Residuals 263 2.2663
Total 286 3.28
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Table A2.3: Pairwise Fgr values estimated on AFLP-SURV. The lower matrix is calculated from the 147 outlier loci
(p > 0.95), the upper matrix is calculated from the 380 non-outlier loci (p < 0.80), both sets obtained by combining
results from all pairwise comparisons. Population codes are the same as in Figure A2.1 and Table A2.1.

WAngN_ WAngN_. WAngS_. WAngS_. NSel. NSel. NSyl. NSyl. NHum. NHum_. SLok. SLok_. SUrs. SUrs_

She Exp She Exp She Exp She Exp She Exp She Exp She She*
WAngN_She 0 0.0215 0.0168  0.0412 0.0422 0.033 0.0411 0.0501 0.0528 0.0796 0.0583 0.0755 0.0605
WAngN_Exp  0.1488 0.0074  0.0116 0.0413 0.0344 0.0334 0.0389 0.048  0.0431 0.0659 0.0562 0.0705 0.0535
WAngS_She  0.0547 0.1356 0 0.0533 0.0473 0.053 0.064 0.0657 0.0626 0.0791 0.0695 0.0616 0.0558
WAngS_Exp 0.118 0.0522 0.1114 0.0411 0.0423 0.0454 0.0543 0.0566 0.0557 0.0783 0.0705 0.076 0.0637
NSel_She 0.0748 0.1628 0.0448  0.1283 0 0.0012 0 0.0101 0.01 0.07 0.0476 0.0618 0.0499
NSel_Exp 0.1541 0.0808 0.1354  0.0914 0.1581 0.0005 0 0.0062 0 0.0423 0.0312 0.0317 0.0282
NSyl_She 0.0804 0.1431 0.045 0.1161  0.0222 0.1245 0 0.0056 0 0.0529 0.0419 0.0492 0.0342
NSyl_Exp 0.1113 0.1217 0.1455 0.0919 0.1273 0.0676 0.1063 0.0068  0.0008 0.0513 0.0346 0.0492 0.0442
NHum_She 0.1467 0.1708 0.0767 0.161  0.0511 0.1526 0.0383 0.1639 0 0.043  0.029 0.0444 0.0353
NHum_Exp 0.176 0.1028 0.186 0.0881 0.1913 0.0398 0.1517 0.0353 0.2079 0.029 0.0234 0.027 0.0183
SLok_She 0.1146 0.0984 0.0682  0.0881 0.0866 0.0982 0.0612 0.1209 0.0845 0.1231 0 0.0156  0.011
SLok_Exp 0.194 0.0993 0.1616  0.1039 0.1821 0.0649 0.1451 0.1089 0.1646  0.0834 0.0682 0.0153 0.0144
SUrs_She 0.0854 0.1157 0.0564  0.1156  0.0627 0.1183 0.0381 0.1215 0.0728 0.1456  0.0037 0.1005 0

SUrs_She* 0.172 0.1664 0.1074  0.1743  0.1308 0.1727 0.1131 0.1945 0.1077  0.2138 0.0363 0.1421 0.041

Table A2.4: Number and percentage of individuals analysed for both genetics and morphology (shape) for each site.
GEN & GM, individuals with concordant genetics and morphological classification (PP > 0.90); GEN & GM &
Habitat, individuals with concordant genetics and morphological classification (PP > 0.90) typical of their habitat
(based on the most frequent form/cluster in each habitat), GEN & Habitat, individuals with a genetic classification
(PP > 0.90) typical of their habitat but with discordant morphological classification; and GM & Habitat, individuals
with a morphological classification (PP > 0.90) typical of their habitat but with discordant genetic classification.
Population codes are the same as in Figure A2.1 and Table A2.1.

Total GEN& GEN& GEN&GM& GEN&GM& GEN& GEN & GM & GM &
analysed N) GM (N) GM (%)  Habitat (N) Habitat (%) Habitat (N) Habitat (%) Habitat (N) Habitat (%)
Sel_she 4 4 100 4 100 0 0 0 0
Sel_exp 9 7 78 7 78 0 0 1 11
Syl_she 12 10 83 9 75 0 0 0 0
Syl_exp 3 1 33 1 33 1 33 1 33
Lok_she 7 4 57 4 57 0 0 1 14
Lok_exp 3 1 33 1 33 1 33 0 0
AngN_she 14 6 43 6 43 4 29 0 0
AngN_exp 10 4 40 3 30 1 10 0 0
AngS _she 4 1 25 1 25 1 25 0 0
AngS_exp 17 11 65 11 65 1 6 2 12
Total 83 49 59 47 57 9 11 5 6
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Figure A2.1: Detailed view of the exposed and sheltered sites within each country, for Anglesey North (1) and Angle-
sey South (2) in Wales; Selgyna (3), Syltgyna (4) and Hummelsund (5) in Norway; and Lokholmen (6) and Ursholmen

(7) in Sweden. Numbers are the same as in Figure 2.1. Sheltered sites are named with the abbreviation “She” and
moderately-exposed sites with “Exp”’.
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Figure A2.4: Differentiation between populations measured as Fsr based on non-outlier loci (N=380, p < 0.80) . A)
Map of the three studied countries with mean pairwise Fsr between populations of the same ecotype from two different
countries (above the arrows) and mean pairwise Fsr between all populations from two different countries (below the
arrows). Mean Fg7 between ecotypes within each location and between the same ecotype across locations is shown for
Wales, United Kingdom (B), Norway (C) and Sweden (D). Population codes are the same as in Figure A2.1 and Table
A2.1.
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3.1 ABSTRACT

Next-generation sequencing of pooled samples (Pool-seq) is an important tool in population ge-
nomics and molecular ecology. In Pool-seq, the relative number of reads with an allele reflects
the allele frequencies in the sample. However, unequal individual contributions to the pool and se-
quencing errors can lead to inaccurate allele frequency estimates, influencing downstream analysis.
When designing Pool-seq studies, researchers need to decide the pool size (number of individuals)
and average depth of coverage (sequencing effort). An efficient sampling design should maximise
the accuracy of allele frequency estimates while minimising the sequencing effort. We describe
a novel tool to simulate single nucleotide polymorphism (SNP) data using coalescent theory and
account for sources of uncertainty in Pool-seq. We introduce an R package, poolHelper, enabling
users to simulate Pool-seq data under different combinations of average depth of coverage and
pool size, accounting for unequal individual contributions and sequencing errors, modelled by ad-
Jjustable parameters. The mean absolute error is computed by comparing the sample allele frequen-
cies obtained based on individual genotypes with the frequency estimates obtained with Pool-seq.
poolHelper enables users to simulate multiple combinations of pooling errors, average depth of
coverage, pool sizes and number of pools to assess how they influence the error of sample allele
frequencies and expected heterozygosity. Using simulations under a single population model, we
illustrate that increasing the depth of coverage does not necessarily lead to more accurate estimates,
reinforcing that finding the best Pool-seq study design is not straightforward. Moreover, we show
that simulations can be used to identify different combinations of parameters with similarly low
mean absolute errors. This can help users to define an effective sampling design by using those
combinations of parameters that minimise the sequencing effort. The poolHelper package provides
tools for performing simulations with different combinations of parameters (e.g., pool size, depth
of coverage, unequal individual contribution) before sampling and generating data, allowing users
to define sampling schemes based on simulations. This allows researchers to focus on the best
sampling scheme to answer their research questions. poolHelper is comprehensively documented

with examples to guide effective use.

Keywords: experimental design, open source, Pool-seq, R package, simulations

3.2 INTRODUCTION

Next Generation Sequencing (NGS) is an important tool for many biologists, providing access to

polymorphism data across a wide range of model and non-model species (Ellegren, 2014). Al-
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though the cost of sequencing is continuously decreasing, high coverage sequencing of multiple
individuals is still expensive. Furthermore, it is challenging to obtain individual genomic data for
certain species (e.g., small organisms) or in Evolve-and-Resequence experiments involving a large
number of populations or many points along a time series. In those instances, next-generation
sequencing of pooled samples (Pool-seq) might be the only viable alternative, as it requires less
DNA per individual. Pool-seq is a sequencing technique that provides a cost-effective approach
to quantify genetic variation within a population. It involves pooling multiple individual DNA
samples together and sequencing them collectively. A typical Pool-seq analysis requires several
steps. First, researchers should determine the pool size (i.e., the number of individuals included
in the pool) and the desired sequencing depth of coverage during the experimental design step.
Next, DNA extracted from individual samples is combined into pools. In situations where obtain-
ing DNA from each individual sample is impractical, an alternative approach is to group several
individuals together prior to DNA extraction. For instance, muscle tissue from multiple individuals
can be combined, extracting DNA from the entire group of individuals (Morales et al., 2019; Ross,
Endersby-Harshman, & Hoffmann, 2019). Then, DNA extracted from multiple groups of individu-
als can be merged into a single, final pool. Non-equimolar quantities of DNA between these groups
of multiple individuals, or between individuals within a group, can lead to unequal contributions.
This disparity in contribution may result in certain groups of individuals having a disproportion-
ate impact on the overall allele frequencies, leading to inaccurate estimation of sample allele fre-
quencies, potentially affecting downstream analysis (Anderson, Skaug, & Barshis, 2014; Ellegren,
2014). Subsequently, for each pool, a single library is generated prior to sequencing with NGS
technologies. Note that Pool-seq does not require individual tagging of sequences, reducing the
laboratory work required for library preparation, while still generating population-level genomic
data (Schlotterer, Tobler, Kofler, & Nolte, 2014). During this library preparation step, stochastic
variation in amplification efficiency can also result in unequal contributions of individuals, and lead
to inaccurate sample allele frequencies. Finally, the pooled libraries are sequenced. This step also
introduces uncertainties in the analysis due to variation in sequencing depth along the genome, and
sequencing errors. The next steps, such as quality control, read alignment, and variant calling, are

similar to individual-based sequencing.

Despite these potential sources of uncertainty (e.g., unequal individual contribution), Pool-seq
has been extensively used in a variety of settings (Begun et al., 2007; Ferretti, Ramos-Onsins, &
Pérez-Enciso, 2013; Prescott et al., 2015; Zhou et al., 2011). This has lead to the development of
tools such as the R package poolSeq (Taus, Futschik, & Schlotterer, 2017) and the DIYABC - RF
software (Collin et al., 2021) that simulate Pool-seq data, as well as data analysis tools (e.g., Kofler,

Pandey, and Schlétterer 2011). Nonetheless, to the best of our knowledge, no tool currently exists
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that can simultaneously and explicitly account for variation in depth of coverage, unequal contri-
bution and sequencing errors, which are known sources of Pool-seq uncertainty (see Table A3.1
for more details). It is worth noting that unequal contribution occurs due to variations in DNA
concentration or amplification efficiency among the pooled samples, resulting in an uneven repre-
sentation of genetic material from each sample. Here, we use the term pooling error to quantify the
error caused by unevenly combining multiple DNA samples into a single pool, which we explicitly
model as the dispersion around the expected proportion of reads from each sample. This pooling
error can introduce biases in estimates of sample allele frequencies. As mentioned, two key pa-
rameters in the experimental design step of a Pool-seq study are the number of individuals in each
pool, and the average depth of coverage. These two parameters determine how much the sample
allele frequencies are affected by Pool-seq associated errors. On one hand, increasing the number
of individuals allows estimating more accurate allele frequencies, but more individuals in the pool
might not avoid errors associated with unequal individual contribution when the pooling error is
high. On the other hand, increasing the depth of coverage should lead to more reliable estimates,
but it can amplify pooling errors and increase the frequency of sequencing errors, which can make
it challenging to differentiate true low-frequency variants from sequencing errors. Moreover, due to
its costs, the depth of coverage is typically the limiting resource. Simulations of single nucleotide
polymorphism (SNP) data accounting for sources of uncertainty with Pool-seq data under different
sampling schemes can thus provide a tool to help researchers design Pool-seq experiments and to

minimise the error associated with the sample allele frequencies.

Here, we introduce an R package (Team, 2020), poolHelper, to simulate Pool-seq data accord-
ing to different sampling designs. Our approach relies on coalescent simulations under neutrality
using scrm (Staab, Zhu, Metzler, & Lunter, 2015). The poolHelper package provides tools and
functions to simulate Pool-seq datasets, accounting for potential sources of error in the Pool-seq
analysis process. Importantly, these errors are modelled by parameters that users can adjust. pool-
Helper models the unequal contribution resulting from differences in DNA concentration and am-
plification efficiency during DNA extraction and library preparation. Additionally, it accounts for
sequencing depth variation across SNPs, sequencing errors, and mapping errors during read align-
ment. This allows comparing the allele frequencies obtained directly from the simulated individual
genotypes with the frequencies obtained from Pool-seq data. Since R is a free and collaborative
project, users can use available tools to handle, analyse and visualise genomic datasets. Our goal
is to provide a flexible method of simulating Pool-seq data, allowing researchers to design their
experiments with a better a priori knowledge of possible errors associated with Pool-seq, thus con-
tributing to the recognition of Pool-seq as a valuable source of data to reconstruct the evolutionary

history of populations.
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3.3 IMPLEMENTATION

The main steps of our pipeline follow a relatively simple scheme: coalescent simulations of indi-
vidual genotypes under a single population model with a constant size, computation of alternative
allele frequencies directly from the genotypes, simulation of Pool-seq given the genotypes, and
computation of alternative allele frequencies from the Pool-seq data, assuming that it corresponds
to the proportion of reads with that allele. To measure the error associated with Pool-seq we com-
puted the average absolute difference between the actual allele frequencies based on individual
genotypes in the sample and the allele frequencies obtained with Pool-seq. Thus, note that we
measure the difference between two estimates of the allele frequencies in the sample, one based on
the sampled individual genotypes and the other obtained with Pool-seq of the same sample. The
poolHelper package provides functions to simulate Pool-seq data, under a variety of user-defined
conditions. More specifically, users can vary the average and variance of the depth of coverage, the
pool size, sequencing error and the pooling error (see below). Additionally, they can also vary the
number of groups of individuals contributing to the final sequenced pool. By varying all of these
conditions, it is possible to assess how they influence the accuracy of allele frequency estimations.
No external R objects are needed to use the package. Users can use the implemented coalescent
simulations to obtain genotypes, or provide genotypes directly. The resulting Pool-seq data can
be output as R objects with counts of reads, or converted to commonly used file formats (.vcf and

.sync), allowing users to analyse simulated Pool-seq data with existing downstream methods.

3.3.1 COALESCENT SIMULATIONS OF INDIVIDUAL GENOTYPES

To obtain individual genotypes, we used scrm to simulate coalescent gene trees under a model of
a single population with constant effective size N,. To model different effective population sizes
and mutation rates, users can vary 0 = 4N,u, where u is the neutral mutation rate per locus per
generation. This allows to investigate Pool-seq associated uncertainties in populations with varying
levels of expected genetic diversity, which is proportional to 6. We assumed that the sample size
was the same for each locus, corresponding to the total number of individuals sampled in the Pool-
seq experiment. The effective size of the population from which the sample is taken is defined by
0, which users can modify. Additionally, we assumed that the actual haplotypes of all individuals
in the pool were known. The effect of pooling is simulated in posterior steps (see next section). To
obtain individual genotypes, we assumed random mating in the population and paired haplotypes

at each locus at random for each biallelic single nucleotide polymorphic (SNP) site.
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3.3.2 SIMULATION OF POOL-SEQ DATA

We follow a series of steps (Figure 3.1) to model and simulate allele frequencies obtained with
Pool-seq for biallelic SNPs, as described in ?. The variation in depth of coverage across SNPs
is assumed to follow a negative binomial distribution (nBin, following e.g., Hardcastle and Kelly

2010). Thus, the number of reads c at each site is:

¢~ nBin(s,y) (3.1

where s = mean(c) /var(c) and y = mean(c)? /var(c) — mean(c). The mean(c) and var(c) rep-
resent, respectively, the mean and variance of the depth of coverage across all SNPs. We assumed
that the sequenced pool can have resulted from merging DNA extracted from K different groups
of individuals, where each group could have a different number of individuals. To account for
variability in the contribution of each individual to the pool, we assumed that the number of reads
follows a multinomial-Dirichlet distribution. That is, at each site, reads from the i/ individual in

the k™" group (ry ;) follow a multinomial distribution:

Tii ~ mult(c, py;) (3.2)

where py ; denotes the proportion of reads from individual i in group k, which is assumed to

follow a Dirichlet distribution:

) 1
Pr,i ~ Dir <Piﬁ) (3.3)

where N denotes the total number of sequenced individuals in group k, and p; models the vari-
ance of contribution, reflecting the unequal contribution of individuals. Note that the contribution
is expected to be equal for all individuals. If DNA extraction is performed for K multiple groups of
individuals that are then combined into a larger pool, uneven contributions between these groups of
individuals may also occur. To account for this, we modelled the unequal contribution of each group
of individuals by assuming that the number of reads from the k' group (r;) follows a multinomial-
Dirichlet distribution, such that ry ~ mult(c, py), where py is the proportion of reads from a given

group, assumed to follow a Dirichlet distribution:
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) n
pr ~ Dir (pgﬁk) 3.4

where ny is the number of individuals in pool k, and p, models the variance of contribution
due to unequal contribution of groups of individuals. Following Gautier et al. (2013), we model
explicitly the pooling error due to unequal contribution with the parameters p; and pg, which reflect

the variance of contribution of individuals and groups of individuals, respectively, as:

N—-1-¢
&2

1

pi = (3.5)

(N/m)—1— €2
&

pe = (3.6)

where p; and p, are the unequal contribution parameters for individuals within a group, and
among groups of individuals, respectively. All groups of individuals are assumed to have the same
Pg, and all individuals are assumed to have the same p;. These depend on pooling error parameters
&; and &, for individuals and groups of individuals, respectively (Gautier et al., 2013). Larger values
of & and & lead to a larger dispersion, resulting in more unequal contributions. The variance of con-
tribution depends on the experimental error as var(py;) = (&E [pkﬂ-])2 and var(py) = (&E [pk])z.
Although the selection of an appropriate pooling error might be potentially hard, given its unknown
nature, we previously estimated values ranging from 24 to 236 (?). Furthermore, previous studies
have also considered values ranging from 0 to 250 (Gautier et al., 2013). Thus, the pooling errors
used here are within the reasonable ranges for this parameter (see Figure A3.1 for an example of
how different pooling errors impact individual contribution). Note that the & and &, which re-
flect the maximum dispersion, i.e., maximum unequal contribution when just one individual or one
group of individuals contribute to the pool, correspond to p; and p, of zero. This implies that the
upper limit for €7 is N — 1 (eq. 3.5), and for sgz is (N/n;) — 1 (eq. 3.6). Users can use these values

as a reference to determine the maximum error values based on their sample sizes.

We also accounted for sequencing and mapping errors by assuming that the reference allele R
may be incorrectly called as an alternative allele A or vice versa with an error rate €g,. We modelled
the number of reads A; with the alternative allele for the i*” individual at a particular site following
a binomial distribution: we assumed A; ~ Bin(rk7i,£seq) if the individual is homozygous for the
reference allele and A; ~ Bin(ry ;, 1 — €q) if the individual is homozygous for the alternative allele.

We also assumed that there are only two alleles at each site and that each base has an equal chance
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Figure 3.1: Diagram of the required steps to simulate Pool-seq data. The steps related to contribution probabilities
are depicted by dark colored boxes, while circles represent the required inputs for each corresponding step. Each box
contains the relevant formulas for its corresponding step.

of being miscalled. Therefore, for heterozygous individuals, each read originates from either the
reference or alternative allele with equal probability (Li et al., 2012) and A; ~ Bin(ry;,0.5), where
ry,; represents the total number of reads contributed by an individual. A commonly used filter can
also be applied, discarding SNPs with less than the required number of minor-allele reads. The
allele frequencies estimated for the Pool-seq data correspond to the proportion of reads with the
alternative allele.
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3.3.3 MEASURING ERROR OF ESTIMATES

To measure the error of Pool-seq estimates of allele frequencies or expected heterozygosity, we
compared the estimates obtained from the individual genotypes in the sample with the estimates

obtained from Pool-seq. We calculate the mean absolute error as:

1
€= r_z X Z|y,~ —xi| (3.7

where 7 indicates the total number of SNPs. When calculating the error of Pool-seq estimates
of allele frequencies, x; and y; correspond to the frequencies of the alternative allele at the i SNP
in the sample, obtained with individual genotypes (x;) or with Pool-seq (y;). When measuring the
error of expected heterozygosity, x; and y; represent the expected heterozygosity obtained based on

the sample of either individual genotypes (x;) or Pool-seq (y;).

3.4 MAIN FUNCTIONALITY

The poolHelper package allows users to compute the mean absolute error of allele frequencies and
expected heterozygosity under a variety of conditions. Users can vary the mean depth of coverage
and the associated variance, the value of the pooling error and the number of sampled individuals.
Additionally, it is possible to evaluate the effect of combinations of parameters, for instance, var-
ious mean depths of coverage combined with several pooling error values. Thus, the poolHelper
package provides users with a tool to aid in the design of pooled sequencing experiments, by allow-
ing researchers to evaluate the best strategy, in terms of pool sizes or depth of coverage, to obtain
accurate estimates of allelic frequencies, while minimising the sampling effort and costs.

34.1 EFFECT OF COMBINING MULTIPLE GROUPS
OF INDIVIDUALS

An important consideration is whether DNA extraction should involve multiple groups of individ-
uals, which are then combined into a final pool for library preparation and sequencing, or if DNA
should be extracted individually from each sample and subsequently combined into a final pool.
Users can test the effect of this choice by using the "maePool” function. This function computes

the mean absolute error for a given sample size sequenced using a pool with a single group of indi-
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viduals or a pool combining multiple groups of individuals (supplementary Figure S2). By varying
the mean coverage and the pooling error, it is possible to evaluate the effect of using a single or

multiple groups under different conditions.

3.4.2 IMPACT OF MEAN DEPTH OF COVERAGE

Another critical decision is defining the mean depth of coverage used to sequence a pool of indi-
viduals. The “maeFreqs” function implements the calculation of the mean absolute error between
allele frequencies computed from genotypes and Pool-seq allele frequencies simulated under dif-
ferent mean depth of coverage. By varying the mean depth of coverage and the associated variance,
users can determine which coverage produces more accurate allele frequency estimates for a given

sample size and pooling error (Figure 3.2).

3.4.3 IMPACT OF POOL SIZES

When designing a Pool-seq experiment, it is essential to define the number of individuals to include
in the pool, i.e., the pool size. The calculation of the mean absolute error between allele frequencies
for different pools sizes can be carried out using the “maeFreqs” function. This allows users to
evaluate what is the optimal pool size for a fixed coverage and/or pooling error (Figure 3.2). Thus,
the “maeFreqs” function allows users to decide how many individuals to pool to obtain the most

accurate allele frequencies estimates for a given mean depth of coverage.

3.44 EXAMPLE OF AN EFFECTIVE POOL-SEQ DESIGN
USING SIMULATIONS

By performing simulations in a single panmictic population, assuming that pooling error is inter-
mediate to high (150 or 300) and after applying a commonly used filter (removing sites with less
than two minor-allele reads), it is not obvious that one should always increase the average depth
of coverage per individual in the pool (Figure 3.2). For instance, when pooling error is 150, we
observe the same mean absolute error with a pool of 50 individuals sequenced at 10x than with a
pool of 10 individuals sequenced at 50x. This suggests that it may be more cost-effective to use
a pool of 50 individuals at 10x (expected individual contribution of 10/50) than using fewer indi-

viduals with a higher expected coverage per individual. This holds true for larger pool sizes and
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Figure 3.2: Mean absolute error between the allele frequencies obtained from the individual genotypes in the sample
and those obtained from Pool-seq data under a variety of conditions. For all conditions, sites with less than two minor-
allele reads were removed. In all plots, the y-axis represents the mean absolute error between the allele frequencies
estimates. The top panel shows the mean absolute error for three different pooling error values (x-axis). For each
plot, either the pool size or the coverage were fixed (the fixed value is indicated on the top of each plot). Thus, when
pool size was fixed, the average coverage varied and vice-versa. In the bottom panel, we highlight comparisons that
lead to similar mean absolute errors for intermediate values of pooling error (150 in the bottom left panel) and high
pooling error (300 in the bottom right panel). In all plots, the pool size, defined by the nDip parameter, is represented
in shades of blue, with darker shades indicating a larger pool and the average coverage, defined by the mean parameter,
is represented in shades of red, with darker shades indicating higher coverage.

77



depths of coverage, given that we also get the same mean absolute error when comparing a pool
of 200 individuals sequenced at 50x with a pool of 50 individuals sequenced at 100x (Figure 3.2).
If pooling error is even higher (i.e., 300) a pool of 100 individuals sequenced at 100x leads to a
slightly lower mean absolute error than a pool of 50 individuals sequenced at double the coverage
(200x) (Figure 3.2). Thus, similar errors of allele frequencies in the sample can be obtained with
different combinations of pool sizes and average depth of coverage. Therefore, the design of an
effective Pool-seq study is not straightforward and an a priori simulation study can help assess an
efficient sampling scheme to obtain accurate allele frequencies while minimising the sequencing

effort (mean depth of coverage).

3.5 CONCLUSIONS

We present an R package, poolHelper, to simulate pooled sequencing data under a model of a single
panmictic population, and compute the error in sample allele frequencies and expected heterozy-
gosity obtained with Pool-seq for different study designs and commonly used filters (e.g., filters on
minimum and maximum depth of coverage and on minimum number of minor-allele reads). The
package relies on coalescent simulations performed with scrm (Staab et al., 2015). Currently, data
is simulated under a single population with a constant effective population size. However, our pack-
age allows users to simulate genotypes under different models and use those genotypes as input to
compute the mean absolute error or simulate Pool-seq data. This enables users to focus on their
specific scenarios of interest and then simulate Pool-seq data under a wide range of user-defined
parameters. This package is implemented in the R environment, providing tools for data visualisa-
tion, allowing users to produce graphics and quickly visualise the effect of multiple combinations
of Pool-seq parameters. The poolHelper package’s vignette contains a comprehensive explanation

of the functions in the package, as well as examples detailing its usage.
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3.8 APPENDIX

Table A3.1: Comparison of different tools to simulate Pool-seq data. We compared the functionalities of three
different packages/tools that can generate simulated Pool-seq data. We assessed if they can be used to model known
sources of Pool-seq uncertainty, such as variation in depth of coverage, unequal individual contribution and sequencing
errors.

Package/Tool Variation in depth Unequal. md.1V1dua1 Sequencing error?
of coverage? contribution?
Yes. Negative binomial Yes. Multinomial-Dirichlet distribution  Yes. Binomial with same sequencing
poolHelper . . . .. L
with mean and variance. with explicit pool error parameters. error rate for all substitutions.
poolSeq Yes. Poisson with Not explicitly. Reads are generated Not explicitly modelled.

mean coverage. by binomial sampling.

Yes. Poisson with Not explicitly. Reads sampled from
DYABC - RF ) binomial parameterized with simulated Not explicitly modelled.
mean coverage.
allele counts and coverage.
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Figure A3.1: Impact of pooling errors in individual contribution. We simulated Pool-seq data obtained with pools of
either 10 or 50 individuals, sequenced at a coverage of 200x. Three different levels of pooling errors were considered:
5, 150, and 300. In A and B, the expected contribution of each individual is indicated by the dashed line. The
distribution of the number of reads contributed by each individual for a pool of 10 (A) or 50 (B) individuals shows that
higher pooling errors result in deviations from the expected value and an increased number of individuals with zero
(or near-zero) reads. Note that, with a pooling error of 300, some individuals contributed ~200 reads. The impact of
higher pooling errors is also clear when we analyze the proportion of individuals contributing zero reads or twice the
expected number of reads for pools of both 10 (C) and 50 (D) individuals.
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Figure A3.2: Mean absolute error between the allele frequencies obtained from the individual genotypes in the sample
and those obtained from Pool-seq data using a single or multiple groups of individuals. Pool-seq data were simulated
for 100 individuals. Sequencing was performed with an average coverage of 100x using either a single group of
individuals or a pool combining 10 groups of individuals, with each group containing 10 individuals. Two scenarios
were considered: one assuming a low pooling error rate of 5, and the other assuming a high pooling error rate of 300.
The same pooling error value was used to model the dispersion among pools and individuals. The y-axis represents
the mean absolute error between the allele frequencies estimates and the x-axis indicates the number of groups used to
sequence the sample.
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3.8.1 Vignette for the poolHelper package

A3 - Introduction

A method to simulate pooled sequencing data (Pool-seq) is implemented in the R language in the
package poolHelper. The aim of this package is to provide users with a tool to chose the appro-
priate pool size and depth of coverage when conducting experiments that require pool sequencing.
This vignette serves as a introduction, explaining how the different functions of the package can be

used to assess the impact of different sequencing parameters.

At the end, we also included a section with details of specific functions. At that section, users can
find a detailed step-by-step description of how to simulate Pool-seq data. The various subsections
describe how to simulate the total depth of coverage and then partition that coverage among different
pools and individuals. There is also a subsection describing how the number of reads with the

reference allele can be computed according to the genotype of a given individual.

library(poolHelper)

With the poolHelper package, users can evaluate the effect of different pool errors, pool sizes and
depths of coverage on the allele frequencies. The frequencies obtained with Pool-seq are compared

to the allele frequencies computed directly from genotypes.

A3 - Basic functionality

Briefly, we use scrm to simulate a single population at equilibrium and obtain polymorphic sites for
each simulated locus. Then, we compute allele frequencies by counting the total number of derived
alleles per site and dividing that by the total number of gene copies. After obtaining the allele
frequencies computed directly from genotypes, we simulate Pool-seq data and obtain the Pool-seq

allele frequencies. Details on this procedure can be found in the last section of this vignette.

We then use the mae function from the Metrics package to compute the average absolute difference
between the Pool-seq allele frequencies and the ones obtained directly from the genotypes. Mean

Absolute Error (MAE) is calculated as the sum of absolute errors divided by the sample size.
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A3 - Pool-seq experimental design

As mentioned, the main goal of the package poolHelper is to provide users with a tool to aid in
the experimental design of pooled sequencing. Researchers interested in Pool-seq are concerned
in obtaining accurate estimates of allelic frequencies, while keeping the costs down. Thus, it is
important to have an idea of how accurate the allele frequencies can be when using different pool
sizes or sequencing at different mean coverage values. In the following sections we detail how the

poolHelper package can help users in answering those questions.

A3 - How many pools should I use?

One important aspect to consider is whether DNA extraction should be done using multiple batches
of individuals, combining several of them into larger pools for library preparation and sequencing,
or using a single batch of individuals. By using the maePool function we can check, under different

conditions, what is the effect of using multiple or a single batch of individuals.

The pools input argument allows the user to simulate a single pool, by creating a list with a single
integer or multiple pools, by creating a list with a vector containing various entries. The maePool
function assumes that each entry of that vector is the size, in number of diploids individuals, of a

given pool.

# create a list with a single pool of 100 individuals

pools <- 1ist(100)

# compute average absolute difference between allele frequencies
onePool <- maePool(nDip = 100, nloci = 1000, pools = pools, pError = 100,

sError = 0.01, mCov = 100, vCov = 250, min.minor = 0)

# create a list with 10 pools, each with 10 individuals
pools <- list(rep(10, 10))

# compute average absolute difference between allele frequencies

tenPool <- maePool(nDip = 100, nloci = 1000, pools = pools, pError = 100,

sError = 0.01, mCov = 100, vCov 250, min.minor = 0)
# combine both

final <- rbind(onePool, tenPool)

# convert the number of individuals in the pool to a factor

final$nPools <- as.factor(final$nPools)
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# load the ggplot package

library(ggplot2)

# MAE value in the y-azts

# and the number of individuals in the pool in the z-axts

ggplot (final, aes(x = nPools, y = absError)) +
geom_boxplot() + theme_classic()
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In this example, we can see the effect of using a single or multiple pools when a sample of 100
individuals is sequenced at a mean coverage of 100x and for a given pool error. By varying the
pError and mCov input arguments, users can evaluate the effect of using a single or multiple pools

at various pool error values and at different coverages.

A3 - What coverage should I use?

Another fundamental decision is what mean coverage should we try to obtain when sequencing a
pool of individuals. By using the maeFreqs function we can look at the average absolute difference
between genotype allele frequencies and Pool-seq allele frequencies obtained using different mean

coverages.

# create a vector with wvarious mean coverages
mCov <- c¢(20, 50, 100)
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# create a wector with the wvariance of the coverage

vCov <- c(100, 250, 500)

# compute average absolute difference between allele frequencies
mydf <- maeFregs(nDip = 100, nloci = 1000, pError = 100, sError = 0.01,

mCov, vCov, min.minor = 0)

# convert the mean coverage into a factor

mydf$mean <- as.factor(mydf$mean)

# boxplot the MAE wvalue in the y-azis and the coverage in the z-axris
ggplot (mydf, aes(x = mean, y = absError)) +

geom_boxplot() + theme_classic()
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Note that the mCov input argument is a vector with various mean coverage values. The maeFreqs

function computes the average absolute difference for each user-defined coverage. Additionally,

vCov should also be a vector, with each entry being the variance of the corresponding coverage in

mCov. In this example, we can see the effect of sequencing a sample of 100 individuals at 20x, 50x

or 100x mean coverage. By varying the mCov or pError input arguments, users can evaluate the

impact of different mean coverages at various pool error values.

87



A3 - What pool size should I use?

It is also important to define the number of individuals to sequence or, in other words, the pool size.
The maeFreqs function can also be used to compute the average absolute difference between the
allele frequencies computed from genotypes and Pool-seq allele frequencies obtained with different

pool sizes.

# create a wvector with wvarious mean coverages
nDip <- c(10, 50, 100)

# compute average absolute difference between allele frequencies
100, sError = 0.01,

mCov = 100, vCov = 250, min.minor = 0)

mydf <- maeFreqs(nDip = nDip, nloci = 1000, pError

# convert the number of individuals into a factor

mydf$nDip <- as.factor(mydf$nDip)

# boxplot the MAE wvalue in the y—-axts and the coverage in the z—axts
ggplot (mydf, aes(x = nDip, y = absError)) +

geom_boxplot() + theme_classic()
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As you can see, by varying the nDip input argument, we can evaluate what is the optimal pool size.
In this example, we can see the effect of sequencing a sample of 10, 50 or 100 individuals at 100x

coverage. For this coverage and pool error value, it is clear that doubling the pool size, from 50 to
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100 individuals, does not lead to a significant decrease in the average absolute difference between
allele frequencies. The maeFreqs function assumes that only a single pool was used to sequence

the population and so, for this example, a single pool of 10, 50 or 100 individuals was used.

A3 - How to test different combinations?

The maeFreqs function can also be used to simultaneously test different combinations of parameters.
By varying the mCov, pError and/or nDip input arguments, the impact of multiple combinations
of those parameters can be quickly assessed. The maeFreqgs function will simulate all possible
combinations of those parameters and compute the average absolute difference between allele fre-

quencies.

# create a vector with wvarious mean coverages

mCov <- c(20, 50, 100)

# create a wvector with the wariance of the coverage
vCov <- c(100, 250, 500)

# create a vector with wvarious pool errors

pError <- c(5, 100, 250)

# compute average absolute difference between allele frequencies
mydf <- maeFreqs(nDip = 100, nloci = 1000, pError, sError = 0.01, mCov,

vCov, min.minor = 0)

# convert the mean coverage into a factor
mydf$mean <- as.factor (mydf$mean)
# convert the pooling error to a factor

mydf$PoolError <- as.factor(mydf$PoolError)

# boxplot the MAE wvalue in the y-azis and the pool error in the z-azis
# producing one bozxplot for each of the different coverages
ggplot (mydf, aes(x = PoolError, y = absError, fill = mean)) +

geom_boxplot() + theme_classic()
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In this example, the number of sampled individuals was kept constant, meaning that the population
was always sequenced using a pool of 100 individuals. Those 100 individuals were sequenced
at 20x, 50x or 100x mean coverage and assuming a pool error value of 5%, 100% or 250%. By
selecting multiple combinations of parameters, users can select a sequencing design that minimizes
the average absolute difference between allele frequencies or get an idea of how much mismatch to
expect in their Pool-seq data.

A3 - Simulate Pool-seq data

The poolHelper package can also be used to simulate Pool-seq data without computing the average
absolute difference. Thus, it is possible to use the package to simply obtain simulated Pool-seq
data. This Pool-seq data is simulated for a given set of genotypes and so users should provide
genotypes. Those genotypes can be obtained with coalescent-based or other type of simulators and
using different demographic models. Pool-seq data can be simulated under a variety of parameter

combinations, such as different pool sizes and mean coverage.

The simPoolseq function is used to simulate pooled sequencing data given a set of parameters and

individual genotypes. Consider the following example:

# simulate genotypes for 100 individuals sampled at 5 loct

genotypes <- run_scrm(nDip = 100, nloci = 5, theta = 5)
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# simulate Pool-seq data assuming a coverage of 100z

# and a single pool of 100 individuals

pool <- simPoolseq(genotypes = genotypes, pools = 100, pError = 100,

sError = 0.001, mCov = 100, vCov = 250, min.minor = 0)

# check the structure of the pool object

str(pool)
#> List of 3

#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>

$ reference
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. num

. num
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Wil

1:21] 90 98 95 85 91 88 70 83 91 108 ...
1:40] 23 61 101 107 114 29 101 89 53 79 ...
1:35] 113 91 109 80 4 100 57 92 89 79 ...
1:20] 104 69 84 123 81 82 92 99 87 92 ...
1:28] 102 108 87 87 94 85 92 80 108 101

ternative:List of &

. num
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. num

S num

. num

. num

S num

S num

. num

. num

oy
1,
[1,
i,
il

1:21] 01 1 53027381

1:40] 68 29 3 0 3 62 3 6 60 0 ...
1:35] 332182221113 ...
1:20] 00 12202180 4 ...
1:28] 0 01 31 1118100 ...

:List of &

[1,
i,
Wi,
oL
[1,

1:21] 90 99 96 90 94 88 97 86 99 109 ...
1:40] 91 90 104 107 117 91 104 95 113 79 ...
1:35] 116 94 111 81 90 102 79 93 100 82 ...
1:20] 104 69 96 125 81 84 93 107 87 96 ...
1:28] 102 108 88 118 105 86 100 81 108 101

The simulated Pool-seq data is organized as a list with three named entries: reference,

alternative and total. Note that each of those entries has 5 different entries because we

simulated 5 loci. Thus, each of the main list entries contains one entry per locus. Each of those

entries is a matrix where column represents a different site. The reference entry contains the list

with the number of reference allele reads, the alternative entry contains the list with number of

alternative allele reads and the total entry contains the total depth of coverage per site.

Users can vary the pooling error (pError), the sequencing error (sError), the mean (mCov) and

variance (vCov) of the coverage. It is also possible to filter the simulated Pool-seq data by selecting
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a value for themin.minor input. This value should be an integer representing the minimum allowed
number of minor-allele reads. Sites that, across all populations, have less minor-allele reads than
this threshold will be removed from the data. Additionally, it is also possible to define an minimum
and maximum input arguments. These optional arguments will define the minimum and maximum
coverage allowed. Sites where the coverage is below or above those thresholds will be removed

from the data. For instance:

# simulate genotypes for 100 individuals sampled at 50 loct
genotypes <- run_scrm(nDip = 100, nloci = 50, theta = 5)

# simulate Pool-seq data assuming a coverage of 100z

# and a single pool of 100 individuals

# remove all sites with a coverage below 80x or above 115z

pool <- simPoolseq(genotypes = genotypes, pools = 100, pError = 100,
sError = 0.001, mCov = 100, vCov = 500, min.minor = O,

minimum = 80, maximum = 115)

# check the minimum and marimum coverage
range (unlist (pool$total))
#> [1] 80 115

The previous chunk will remove all sites with a depth of coverage below 80x and above 115x. Thus,

all the remaining sites will have a coverage comprised between those values.

A3 - Convert to other formats

The simulated Pool-seq data can be converted to other commonly used file formats, specifically the
.vcf and . sync formats. This allows users to simulate Pool-seq data, using different combinations
of parameters and genotypes simulated under different demographic scenarios, convert the simu-
lated Pool-seq data into .vcf or .sync and then use those files to analyse simulated Pool-seq data

with existing downstream methods.

The poolHelper package includes the pool2vcf and the pool2sync functions to convert the simu-
lated Pool-seq data into . vcf or . sync files, respectively. Note that both those functions will create
and save the file in the current working directory. Please refer to the manual for more details on the
functioning of both functions.
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A3 - Details on specific functions

In this section and until the end of the vignette, we go over the steps required to simulate Pool-seq

data and give details on some of the specific functions included in the package.

A3 - Simulate depth of coverage

The simulateCoverage function can be used to simulate the total depth of coverage at each site.
The mean and variance input arguments of the function represent, respectively the mean coverage
and the variance of the coverage to simulate. nLoci represents the number of independent loci to

simulate and nSNPs is the number of polymorphic sites to simulate per locus.

# simulate number of reads for one population

reads <- simulateCoverage(mean = 50, variance = 250, nSNPs = 100, nLoci = 1)
# display the structure of the reads object

str(reads)

#> List of 1

#> § : ant [1, 1:100] 63 49 38 75 56 44 92 61 70 66 ...

As you can see, the resulting output is a list with one entry because nLoci = 1. That entry is a
vector with length = 100 because that was the number of nSNPs. We can also use this function to
simulate the coverage of multiple populations at the same time. To do that, the mean and variance
input arguments of the function should be vectors. The function will assume that each entry of those
vectors is the mean and variance of a different population. For instance, in the next example we set
mcov <- c(50, 100), meaning that we wish to simulate two populations, the first with a mean

coverage of 50x and the second with a mean coverage of 100x.

# create a vector with the mean coverage of each population

mcov <- c(50, 100)

# create a vector with the wvartance of the coverage for each population
vecov <- c(250, 500)

# simulate number of reads for two populations

reads <- simulateCoverage(mean=mcov, variance=vcov, nSNPs=100, nLoci=1)
# display the structure of the reads object

str(reads)

#> List of 1

#> § : ant [1:2, 1:100] 50 154 46 111 57 99 59 95 70 73 ...

Now, the output of the function is slightly different. We still have a single locus (nLoci = 1)
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and 100 sites on that locus (nSNPs = 100) but now that one list entry is a matrix with two rows.
Each row is the coverage per site for one population. Thus, the first row is the coverage for the first
population of the mcov input argument and the second row is the coverage for the second population
in that argument. If mcov had the mean coverage for more populations, the logic would remain the

same.

The difference in the mean coverage of the two population can be quickly visualized. In the fol-
lowing we simulate two populations, one with 50x mean coverage and the other with 100x. We set

nSNPs = 10000 and visualize the coverage distribution using a histogram.

# create a vector with the mean coverage of each population

mcov <- c(50, 100)

# create a vector with the wvartance of the coverage for each population
vecov <- c(250, 500)

# simulate number of reads for two populations

reads <- simulateCoverage(mean=mcov, variance=vcov, nSNPs=10000, nLoci=1)
# plot the coverage of the first population

hist(reads[[1]][1,], col=rgb(0,0,1,1/4), xlim=c(0, 200), main="", xlab="")
# add the coverage of the second population

hist(reads[[1]]1[2,], col = rgb(1,0,0,1/4), add = TRUE)
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The coverage distribution of the population simulated with a mean of 50x is shown in blue and the

distribution of the 100x population is shown in red.

It is also possible to remove sites with low or high coverage by using the remove_by_reads func-
tion. This function will completely remove any site from the data (in this instance, the site will
be removed from both populations). Sites will be removed if their coverage is below the minimum

allowed or if it is above the maximum allowed. In the next bit, we use the reads simulated before
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and remove all sites with a coverage below 25x and above 150x.

# check the minimum and mazimum coverage before removal

x <- range(unlist(reads))

# remove sites with coverage below 25z and above 150z

reads <- remove_by_reads(nLoci=1, reads=reads, minimum=25, maximum=150)
# display the structure of the reads object after removal
str(reads)

#> List of 1

#> § : ant [1:2, 1:9512] 59 106 38 76 28 109 65 113 25 108 ...
# check the minimum and maxzimum coverage after removal

range (unlist (reads))

#> [1] 25 150

Accordingly, the minimum simulated coverage before running the remove_by_reads function was
8 and the maximum was 197 but after removal of sites with a coverage below 25x and above 150x,
the minimum and maximum coverage are, obviously, 25 and 150 respectively. It is also clear that

we no longer have nSNPs = 10000 in the data.

A3 - Reads contributed by each pool

It is also possible to simulate the contribution of each pool, assuming that a single population was
sequenced using multiple pools. Before computing the actual number of reads contributed by each

pool, we first need to simulate the proportion of contribution.

To do this, we use the poolProbs function. The nPools input argument of this function should
represent the number of pools used to sequence the population, while the vector_np contains the
number of individuals per pool. Thus, in the following example vector_np = c(10, 10, 10,
10) means that four pools were used to sequence the population, each comprised of 10 individuals.
The pError input argument defines the degree of pooling error. Briefly, this pooling error controls
the dispersion of the pool contribution, centred around the expected value. Higher values of pError
lead to a higher dispersion and thus, the contributions will vary more between pools. In other words,
with higher values of pError some pools will contribute a lot of reads and others will not contribute

much.

In the next chunk, we see the difference in proportion of contribution when 4 pools of 10 individuals
were used to sequence a single population and the pooling error is either low (pError = 5) or high
(pError = 250). We can also assess the impact of different pool sizes by including one pool with

100 individuals instead of only 10.
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# four pools with low sequencing error
poolProbs(nPools = 4, vector_np = c(10, 10, 10, 10), nSNPs = 6, pError = 5)
#> [,1] [,2] [,3] [,4] [,5] [,6]

#> [1,] 0.2770748 0.2645803 0.2617985 0.2469693 0.2528087 0.2428078
#> [2,] 0.2592213 0.2486401 0.2489134 0.2447933 0.2686069 0.2335/25
#> [3,] 0.2270433 0.2521062 0.2465722 0.2463870 0.2399388 0.2467867
#> [4,] 0.2366606 0.2346734 0.2427159 0.2618504 0.2386456 0.2768629

# four pools with high sequencing error

poolProbs(nPools = 4, vector np = c(10, 10, 10, 10), nSNPs = 6, pError = 250)
#> Warning: pError was too high. It was replaced by 163.205080756888

#> [,1] [,2] [,3] [,41 [,5]
#> [1,] 9.997940e-01 2.745366e-35 1.515829e-15 3.256760e-07 9.999994e-01
#> [2,] 1.519048e-30 1.269217e-01 9.999989e-01 9.999997e-01 6.293280e-07
#> [3,] 1.494290e-15 4.255151e-16 2.971420e-17 1.078756e-34 1.153420e-27
#> [4,] 2.060070e-04 8.730783e-01 1.110925e-06 3.860350e-09 4 .846799e-1/
#> [,6]

#> [1,] 1.688829e-47

#> [2,] 1.000000e+00

#> [3,] 4.842499e-17

#> [4,] 4.846993e-1/

# four pools but one is much larger

poolProbs(nPools = 4, vector_np = c(10, 100, 10, 10), nSNPs = 6, pError = 5)
#> [,1] [,2] [,3] [,41 [,5] [,6]
#> [1,] 0.07698561 0.08073943 0.07613430 0.08575555 0.07973231 0.07558553
#> [2,] 0.77689898 0.76427916 0.77173400 0.75609041 0.76781451 0.76700344
#> [3,] 0.07624493 0.07663565 0.07855448 0.08175773 0.07905299 0.08562723
#> [4,] 0.06987047 0.07834576 0.07357723 0.07639631 0.07340019 0.07178380

The output of the poolProbs function is a matrix with the proportion of contribution for each pool.
Each row of the matrix corresponds to a different pool and each column is a different site. You can
see that in the first example, the proportion of contribution is roughly the same for all pools. The
next example is similar but with pError = 250. With this higher pool error, it is clear that some
pools have a higher proportion of contribution and others have a smaller. Thus, with higher pool
errors, the proportion of contribution is no longer the same for all pools. This also happens when
pool error is low but one of the pools is much larger. In the last example, the second pool has 100

individuals, while the other pools only have 10. In this instance, it is clear the the proportion of
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contribution of the larger pool is always higher.

After computing the proportion of contribution of each pool, this can be used to simulate the actual
number of reads contributed by each pool. To do this, we use the pReads function. This functions
requires as input argument the total number of pools used to sequence the population (nPools),
a vector with the total coverage per site and the probabilities of contribution computed with the
poolProbs function (probs). In the next chunk, we simulate coverage for 10 SNPs of a single
population, compute the probability of contribution for 4 pools used to sequence that population

and then simulate the actual number of reads per pool.

# simulate total coverage per site

reads <- unlist(simulateCoverage(mean=100, variance=250, nSNPs=10, nLoci=1))
# compute the proportion of contribution of each pool

probs <- poolProbs(nPools=4, vector_np=rep(10, 4), nSNPs=10, pError=5)
# simulate the contribution in actual read numbers

pReads <- poolReads(nPools = 4, coverage = reads, probs = probs)

# output the number of reads per pool and per site

pReads

#> [,1] [,2] [,3] [,4] [,5] [,6] [,7] [,8] [,9] [,10]

#> [1,] 25 20 17 32 30 21 19 36 28 28

#> [2,] 26 19 25 36 17 23 35 22 15 28

#> [3,] 23 28 21 36 27 25 40 38 21 21

#> [4,] 14 24 16 28 22 27 26 31 25 20

It is clear that, when pool error is quite low (pError = 5 in the previous chunk), the number of
reads contributed by each pool is quite similar. Thus, the total coverage of any given site is well
distributed among all pools. On the other hand, if pool error is high (pError = 250 in the next
chunk).

# simulate total coverage per site

reads <- unlist(simulateCoverage(mean=100, variance=250, nSNPs=10, nLoci=1))
# compute the proportion of contribution of each pool

probs <- poolProbs(nPools=4, vector_ np=rep(10, 4), nSNPs=10, pError=250)

#> Warning: pError was too high. It was replaced by 163.205080756888

# simulate the contribution in actual read numbers

pReads <- poolReads(nPools = 4, coverage = reads, probs = probs)

# output the number of reads per pool and per site

pReads
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#>
#>
#>
#>
#>

[1,]
[2,]
[3,]
4,1

[,1] [,2] [,3] [,4] [,5] [,6] [,7] [,8] [,9]

98
0
0
0

0 0
98 0
4 0
0 111

0
0
76
0

0
86
0
0

0
36
0
88

90 100
0 0
0 0
1 0

80
0
0
0

Then the contributions are more uneven. In this instance, there are

[,10]
92

some sites where one or two

pools contribute most of the reads while the remaining pools have few or even zero reads. Thus,

the total coverage is not very well distributed among all pools when pool error is higher.

The difference between low or high pool errors can be (roughly) inspected with a histogram. In

the next chunk we simulate the total coverage and then use the same coverage to compute the

contribution of each pool, using either a low or a high pool error. We then plot the distribution of

the number of reads contributed by each pool.

# simulate total coverage per site

reads <- simulateCoverage(mean=100, variance=250, nSNPs=10000, nLoci=1)

# unlist to create a wvector with the coverage

reads <- unlist(reads)

# compute the proportion of contribution of each pool

probs <- poolProbs(nPools=4, vector_np=rep(10, 4), nSNPs=10000, pError=5)

# simulate the contribution in actual read numbers

low.pReads <- poolReads(nPools

# compute the proportion of contribution of each pool

= 4, coverage

reads, probs = probs)

probs <- poolProbs(nPools=4, vector_np=rep(10, 4), nSNPs=10000, pError=250)
#> Warning: pError was too high. It was replaced by 163.205080756888

# simulate the contridbution in actual read numbers

high.pReads <- poolReads(nPools

4, coverage = reads, probs = probs)

# create the plot of the contribution with low pool error

hl <- hist(unlist(low.pReads), plot = FALSE)

# create the plot of the contribution with high pool error

h2 <- hist(unlist(high.pReads), plot = FALSE)

# get the mazimum z-value from the two plots

xmax <- max(hl[["breaks"]], h2[["breaks"]])
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# and the mazimum y-value

ymax <- max(hl[["counts"]], h2[["counts"]])

# set the color for the contribution computed with low pool error
coll <- rgb(0,0,1,1/4)

# set the color for the contribution computed with high pool error

col2 <- rgb(1,0,0,1/4)

# plot the contribution computed with low pool error

plot(hl, col=coll, xlim=c(0, xmax), ylim=c(0, ymax), main="", xlab="")
# add the plot of the contribution computed with high pool error
plot(h2, col = col2, add = TRUE)
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The distribution of the contribution computed with a low pool error is shown in blue and the distribu-
tion computed with a high pool error in red. It is clear that high pool errors lead to more variation in
the contribution of each pool towards the total coverage of the population. In particular, the number

of pools that contribute zero (or close to zero) reads increases when the pool error is high.

A3 - Reads contributed by each individual

After computing the number of reads contributed by each pool, the next step involves simulating
the number of reads contributed by each individual inside their pool. For instance, if a pool of 10
individuals was used to sequence a population, how many reads were contributed by each of those

10 individuals?

As for the pools, the first step requires computing the probability of contribution of each individual.

This can be done with the indProbs function. This np input argument of this function corresponds
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to the total number of individuals in the pool, while the nSNPs is the number of sites to simulate. As

before, the pError represents the degree of pooling error and higher values of pError mean that

some individuals will contribute more reads than others.

In the next chunk, we examine the probability of contribution of 10 individuals, sequenced at 6 sites,

when pooling error is quite low.

# compute the probability of contridbution

of each individual

indProbs(np = 10, nSNPs = 6, pError = 5)

#> [,1] [,2] [,3] [,4]1 [,5] [,6]
#> [1,] 0.09627053 0.09286627 0.10466446 0.10485763 0.10783017 0.10180182
#>  [2,] 0.09918398 0.10553742 0.10460223 0.10158420 0.10148286 0.10019229
#> [3,] 0.09467018 0.10631994 0.09205836 0.09492194 0.09873694 0.10040422
#> [4,] 0.09994063 0.09742962 0.09978582 0.11369760 0.09560072 0.10289944
#> [5,] 0.10254666 0.10158477 0.09929162 0.10607670 0.10261459 0.10182249
#> [6,] 0.09991116 0.08760101 0.10491098 0.09758553 0.10075414 0.09185170
#>  [7,] 0.10077137 0.10047420 0.09299284 0.10588431 0.10327234 0.101229/2
#> [8,] 0.10215999 0.10237935 0.09581764 0.09389039 0.09337310 0.10265476
#> [9,] 0.10054648 0.10324108 0.10596724 0.09034687 0.10027795 0.09935312
#> [10,] 0.10399902 0.10256635 0.09990881 0.09115485 0.09605719 0.09779074

In this example, the probability of contribution is very similar across individuals. In fact, the prob-
ability is around 0.1 for each individual, meaning that, in a situation with low pooling error, all
individuals should contribute equally. If we simulate the same conditions, but increasing the pool-
ing error (pError = 150) we should see a different result. Note that we use the round function so
that the the output is not printed in scientific notation. This is just to make it easier to visualize the

differences.

# compute the probability of contribution of each individual

round (indProbs(np = 10, nSNPs = 5, pError = 150), digits = 5)
#> [,1] [,2] [,3] [,41 [,5]
#> [1,] 0.01329 0.34953 0.18409 0.00009 0.08225
#> [2,] 0.04591 0.04627 0.31156 0.00173 0.09286
#> [3,] 0.00046 0.28590 0.01316 0.00009 0.00375
#> [4,] 0.00000 0.00677 0.25361 0.03188 0.28474
#> [5,] 0.30152 0.12283 0.20959 0.12069 0.06045
#> [6,] 0.14330 0.00337 0.00014 0.00000 0.20501
#> [7,] 0.00168 0.13068 0.00118 0.17511 0.00000
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#> [8,] 0.48443 0.03722 0.00022 0.07399 0.11581
#> [9,] 0.00389 0.01744 0.00003 0.02831 0.00000
#> [10,] 0.00552 0.00001 0.02642 0.56811 0.15513

With this higher pooling error, it is evident that the probability of contribution is not the same across
all individuals. Some individuals have a much higher probability of contribution while others have

a probability of contribution very close to zero.

The probabilities of contribution of each individual can then be used to simulate the total number
of reads contributed by each individual, using the indReads function. This function requires as
input argument the total number of individuals sequenced in that pool (np), a vector with the to-
tal coverage of that particular pool per site and probabilities of contribution computed with the

indProbs function (probs).

In the next chunk, we start by simulating the total coverage per site. This total coverage is then
partitioned among the different pools to obtain the total coverage per pool. Finally, we simulate the
contribution of the 10 individuals sequenced at one of the pools towards the total coverage of that

pool. All these steps are done assuming a low pooling error.

# simulate total coverage per site

reads <- unlist(simulateCoverage(mean=100, variance=250, nSNPs=12, nlLoci=1))
# compute the proportion of contribution of each pool

probs <- poolProbs(nPools=4, vector_np=rep(10, 4), nSNPs=12, pError=5)

# simulate the contribution in actual read numbers

pReads <- poolReads(nPools = 4, coverage = reads, probs = probs)

# compute the proportion of contribution of each pool

probs <- indProbs(np = 10, nSNPs = 12, pError = 5)

# simulate the contribution in actual read numbers of each individual

indReads(np = 10, coverage = pReads[1,], probs = probs)

#> [,1] [,2] [,3] [,4] [,5] [,6] [,7] [,8] [,9] [,10] [,11] [,12]
# [1,] 1 5 3 1 4 1 2 0 3 3 1 4
# [2,] o0 4 1 4 2 2 2 1 1 1 2 1
# [3,] 1 2 3 2 0 2 1 2 4 1 2 3
# [4,] 1 3 5 1 0 6 6 2 1 2 3 3
# [5,] 0 2 2 2 2 3 2 1 o0 2 1 3
# [6,] o0 3 0 2 4 2 2 0 2 2 5 2
# [7,] 4 4 2 1 1 3 1 3 2 1 3 2
# [8,] 1 1 1 2 2 2 4 0 3 6 0 3
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# [9,] 3 1 4 1 3 4 3 1 5 8 5 1
# [10,] 3 3 2 1 4 2 0o 3 4 1 5 1

It is clear that, when pool error is low (pError = 5), each individual contributes roughly the same
number of reads towards the total coverage of the pool. Thus, the overall dispersion is quite low. If

we repeat the same steps, changing only the pooling error to a much higher value:

# simulate total coverage per site

reads <- unlist(simulateCoverage(mean=100, variance=250, nSNPs=12, nlLoci=1))
# compute the proportion of contribution of each pool

probs <- poolProbs(nPools=4, vector_np=rep(10, 4), nSNPs=12, pError=150)

# simulate the contribution in actual read numbers

pReads <- poolReads(nPools = 4, coverage = reads, probs = probs)

# compute the proportion of contribution of each pool

probs <- indProbs(np = 10, nSNPs = 12, pError = 150)

# simulate the contribution in actual read numbers of each individual

indReads(np = 10, coverage = pReads[1,], probs = probs)

#> [,1] [,2] [,3] [,4]1 [,5] [,6] [,7] [,8] [,9] [,10] [,11] [,12]
#> [1,] o o o0 3 9 o0 o0 o0 O 0 2 0
# [2,] o o 37 2 o0 o0 8 2 0 0 3 0
#  [3,] o o o0 1 4 o 0 2 0 0 35 0
#  [4,] 0 0 24 o 13 o0 0 3 0 0 0 0
#> [5,] o o0 2 0 o o0 3 0 0 6 0
#> [6,] 0o 0 0 o o0 0 0 0 0 0
#  [7,] o o o0 0 11 0o 1 3 0 0 14 0
# [8,] o 0 12 1 o 0 2 0 0 0 0
# [9,] 0 0 7 o 1 0o 0 0 3 0
#> [10,] o o o0 4 3 o0 o0 1 0 0 1 0

We see that in this instance, there is much more dispersion and the individuals do not contribute the
same number of reads. While some individuals do not contribute a single reads towards the total

pool coverage, others contribute too many.

A3 - Number of reads with the reference allele

Following the computation of the number of reads contributed by each individual, we should simu-
late how many of those reads have the reference allele versus how many have the alternative allele.

For a single population this can be done using the computeReference function.
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This function requires as input argument the individual contribution i.e. the number of reads that
each individual contributes and the sequencing error - error. The sequencing error is defined as
a error rate - the higher the error, the more likely it is for an individual that is homozygous for the
reference allele (coded as 0 in the genotypes matrix) to contribute reads with the alternative allele.
Note that this function also requires as input argument the genotypes of the individuals. Given that
we did not simulate genotypes in this vignette, we are going to create a matrix of genotypes where
half the individuals are homozygous for the reference allele and the other half is homozygous for

the alternative allele (coded as 2 in the genotypes matrix).

In the next chunk we go over all the previous steps, simulating the total coverage for one population,
then partitioning that over all pools and computing the contribution of each individual in one of those
pools. At the end, we simulate how many of those individually contributed reads have the reference

allele.

# simulate total coverage per site

reads <- unlist(simulateCoverage(mean=100, variance=250, nSNPs=12, nLoci=1))
# compute the proportion of contribution of each pool

probs <- poolProbs(nPools=4, vector_np=rep(10, 4), nSNPs=12, pError=5)
# simulate the contribution in actual read numbers

pReads <- poolReads(nPools = 4, coverage = reads, probs = probs)

# compute the proportion of contribution of each pool

probs <- indProbs(np = 10, nSNPs = 12, pError = 5)

# simulate the contribution in actual read numbers of each individual
iReads <- indReads(np = 10, coverage = pReads[1,], probs = probs)

# create fake genotypes - half the matriz ts 0 and the other half is 2
geno <- rbind(matrix(0, nrow=5, ncol=12), matrix(2, nrow=5, ncol=12))

# simulate the number of reference reads

computeReference(genotypes = geno, indContribution = iReads, error = 0.001)

#> [,1] [,2] [,3] [,4] [,5] [,6] [,7] [,8] [,9] [,10] [,11] [,12]
# [1,] 1 2 1 4 3 2 4 1 2 6 1 3
# [2,] 1 3 1 3 2 2 6 1 1 3 3
# [3,] 2 3 5 3 3 2 3 1 4 3 5 4
# [4,] 2 o o 1 2 1 4 1 1 3 1 6
# [5,] 1 2 o0 2 2 1 6 4 3 3 2 3
# [6,] o0 o0 o0 0 O 0 0 0 0 0 0 0
# [7,] o0 o o0 o0 o0 0 0 0 0 0 0 0
# [8,] o0 o0 O 0 O 0 0 0 0 0 0 0
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#>  [9,] 0 0
#> [10,] 0 0

There is a clear division between the number of reads with the reference allele for the first 5 indi-
viduals (coded as 0 in the genotypes matrix) and the remaining 5 individuals (coded as 2 in the
genotypes matrix). This is expected because the error was small. If we increased the error, then

we would expect to see some reference allele reads contributed by individuals that are homozygous

for the other allele.
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calculatePi Calculate population frequency at each SNP
Description

The frequency at a given SNP is calculated according to: pi =c/r, where ¢ = number of minor-
allele reads and r = total number of observed reads.

Usage

calculatePi(listPool, nlLoci)

Arguments
listPool a list containing the minor element, representing the number of reads with
the minor-allele and the total element that contains information about the total
number of reads. The list should also contain a major entry with the infor-
mation about reads containing the major-allele. The output of the poolPops
function should be used as input here.
nLoci an integer that represents the total number of independent loci in the dataset.
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Details

This function takes as input a list that contains the number of reads with the minor allele and the
number of total reads per population at a given site. The names of the respective elements of the
list should be minor and total. It works with lists containing just one set of minor and total reads,
corresponding to a single locus, and with lists where each entry contains a different set of minor
and total number of reads, corresponding to different loci.

Value

a list with two named entries

pi a list with the allele frequencies of each population. Each list entry is a ma-
trix, corresponding to a different locus. Each row of a matrix corresponds to a
different population and each column to a different site.

pool a list with three different entries: major, minor and total. This list is similar to
the one obtained with the findMinor function.

Examples

# simulate coverage at 5 SNPs for two populations, assuming 20x mean coverage
reads <- simulateCoverage(mean = c(20, 20), variance = c(100, 100), nSNPs = 5, nLoci = 1)

# simulate the number of reads contributed by each individual
# for each population there are two pools, each with 5 individuals
indContribution <- popsReads(list_np = rep(list(rep(5, 2)), 2), coverage = reads, pError =5)

# set seed and create a random matrix of genotypes for the 20 individuals - 10 per population
set.seed(10)
genotypes <- matrix(rpois(100, 0.5), nrow = 20)

# simulate the number of reference reads for the two populations

readsReference <- numberReferencePop(genotypes = genotypes, indContribution = indContribution,

size = rep(list(rep(5, 2)), 2), error = 0.01)

# create Pooled DNA sequencing data for these two populations and for a single locus
pools <- poolPops(nPops = 2, nLoci = 1, indContribution = indContribution,
readsReference = readsReference)

# define the major and minor alleles for this pool-seq data

# note that we have to select the first entry of the pools list

# because this function works for matrices

pools <- findMinor(reference = pools$reference[[1]], alternative = pools$alternativel[[1]1],
coverage = pools$total[[1]])

# calculate population frequency at each SNP of this locus
calculatePi(listPool = pools, nLoci = 1)
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computeReference Compute the number of reference reads over a matrix

Description
This function works over all the rows and columns of a matrix and computes the number of reads
containing the reference allele at each site and for each individual.

Usage

computeReference(genotypes, indContribution, error)

Arguments
genotypes is a matrix of genotypes. Each column of the matrix should be a different site and
each row a different individual. Genotypes should be encoded as O: reference
homozygote, 1: heterozygote and 2: alternative homozygote.
indContribution
is a matrix of individual contributions. Each row of that matrix is a different
individual and each column is a different site. Thus, each entry of the matrix
should contain the number of reads contributed by that individual at that partic-
ular site.
error a numeric value with error rate associated with the sequencing and mapping pro-
cess. This error rate is assumed to be symmetric: error(reference - alternative)
= error(alternative - reference). This number should be between 0 and 1.
Value

a matrix with the number of reference allele reads contributed by each individual. Each row of the
matrix represents a different individual and each column is a different site.

Examples

# probability of contribution for 10 individuals at 5 sites
probs <- indProbs(np = 10, nSNPs = 5, pError = 5)

# simulate the number of reads contributed, assuming 20 coverage for each site
indContribution <- indReads(np = 1@, coverage = rep(20, 5), probs = probs)

# set seed and create a random matrix of genotypes
set.seed(10)
genotypes <- matrix(rpois(50, @.5), nrow = 10)

# simulate the number of reads with the reference allele
computeReference(genotypes = genotypes, indContribution = indContribution, error = 0.01)
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errorHet

Average absolute difference between expected heterozygosity

Description

Calculates the average absolute difference between the expected heterozygosity computed directly
from genotypes and from pooled sequencing data.

Usage

errorHet(
nDip,
nloci,
pools,
pError,
skrror,
mCov,
vCov,
min.minor,
minimum = NA,
maximum = NA,
theta = 10

Arguments

nDip

nloci

pools

pError

sError

mCov

vCov

an integer representing the total number of diploid individuals to simulate. Note
that scrm: : scrm() actually simulates haplotypes, so the number of simulated
haplotypes is double of this.

is an integer that represents how many independent loci should be simulated.

a list with a vector containing the size (in number of diploid individuals) of each
pool. Thus, if a population was sequenced using a single pool, the vector should
contain only one entry. If a population was sequenced using two pools, each
with 10 individuals, this vector should contain two entries and both will be 10.

an integer representing the value of the error associated with DNA pooling. This
value is related with the unequal contribution of both individuals and pools to-
wards the total number of reads observed for a given population - the higher the
value the more unequal are the individual and pool contributions.

a numeric value with error rate associated with the sequencing and mapping pro-
cess. This error rate is assumed to be symmetric: error(reference - alternative)
= error(alternative - reference). This number should be between 0 and 1.

an integer that defines the mean depth of coverage to simulate. Please note that
this represents the mean coverage across all sites.

an integer that defines the variance of the depth of coverage across all sites.

109



min.minor

minimum

maximum

theta

Details

findMinor

is an integer representing the minimum allowed number of minor-allele reads.
Sites that, across all populations, have less minor-allele reads than this threshold
will be removed from the data.

an optional integer representing the minimum coverage allowed. Sites where
the population has a depth of coverage below this threshold are removed from
the data.

an optional integer representing the maximum coverage allowed. Sites where
the population has a depth of coverage above this threshold are removed from
the data.

a value for the mutation rate assuming theta = 4Nu, where u is the neutral muta-
tion rate per locus.

Different combinations of parameters can be tested to check the effect of the various parameters.
The average absolute difference is computed with the mae function, assuming the expected het-
erozygosity computed directly from the genotypes as the actual input argument and the expected
heterozygosity from pooled data as the predicted input argument.

Value

a data.frame with columns detailing the number of diploid individuals, the pool error, the number
of pools, the number of individuals per pool, the mean coverage, the variance of the coverage and
the average absolute difference between the expected heterozygosity computed from genotypes and

from pooled data.

Examples

# single population sequenced with a single pool of 100 individuals
errorHet(nDip = 100, nloci = 10, pools = list(100), pError = 100, sError = 0.01,

mCov = 100, vCov

= 250, min.minor = 2)

# single population sequenced with two pools, each with 5@ individuals

errorHet(nDip = 100, nloci = 10, pools = list(c(50, 50)), pError = 100, sError
= 250, min.minor = 2)

mCov = 100, vCov

0.01,

# single population sequenced with two pools, each with 50 individuals
# removing sites with coverage below 10x or above 180x
errorHet(nDip = 100, nloci = 10, pools = list(c(5@, 50)), pError = 100, sError = 0.01,

mCov = 100, vCov

= 250, min.minor = 2, minimum = 10, maximum = 180)

findMinor

Define major and minor alleles
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Description

This function checks which of the two simulated alleles (reference or alternative) corresponds to
the minor allele. This function can also be used to remove sites according to a minor-allele reads

threshold.

Usage

findMinor(reference, alternative, coverage)

Arguments

reference

alternative

coverage

Details

is a matrix of reference allele reads. Each row of the matrix should be a different
population and each column a different site. Thus, each entry of the matrix con-
tains the number of observed reads with the reference allele for that population
at a given site.

is a matrix of alternative allele reads. Each row of the matrix should be a differ-
ent population and each column a different site. Thus, each entry of the matrix
contains the number of observed reads with the alternative allele for that popu-
lation at a given site.

is a matrix of total coverage. Each row of the matrix should be a different
population and each column a different site. Thus, each entry of the matrix
contains the total number of observed reads for that population at a given site.

More precisely, this function counts the number of reads with the reference or alternative allele at
each site and then sets the minor allele as the least frequent of the two. This is done across all
populations and so the major and minor alleles are defined at a global level. Then if the min.minor
input is not NA, sites where the number of minor allele reads, across all populations, is below the
user-defined threshold are removed.

Value

a list with three names entries

major

minor

total

a list with one entry per locus. Each entry is a matrix with the number of major
allele reads for each population. Each column represents a different site and
each row a different population.

a list with one entry per locus. Each entry is a matrix with the number of minor
allele reads for each population. Each column represents a different site and
each row a different population.

a list with one entry per locus. Each entry is a matrix with the coverage of each
population. Each column represents a different site and each row a different
population.
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Examples

# simulate coverage at 5 SNPs for two populations, assuming 20x mean coverage
reads <- simulateCoverage(mean = c(20, 20), variance = c(100, 100), nSNPs = 5, nLoci = 1)

# simulate the number of reads contributed by each individual
# for each population there are two pools, each with 5 individuals
indContribution <- popsReads(list_np = rep(list(rep(5, 2)), 2), coverage = reads, pError =5)

# set seed and create a random matrix of genotypes for the 20 individuals - 10 per population
set.seed(10)
genotypes <- matrix(rpois(100, 0.5), nrow = 20)

# simulate the number of reference reads for the two populations
readsReference <- numberReferencePop(genotypes = genotypes, indContribution = indContribution,
size = rep(list(rep(5, 2)), 2), error = 0.01)

# create Pooled DNA sequencing data for these two populations and for a single locus
pools <- poolPops(nPops = 2, nLoci = 1, indContribution = indContribution,
readsReference = readsReference)

# define the major and minor alleles for this Pool-seq data

# we have to select the first entry of the pools list because this function works for matrices
findMinor(reference = pools$reference[[1]], alternative = pools$alternative[[1]],
coverage = pools$totall[[1]1])

getNumReadsR_vector Compute the number of reference reads

Description
This function takes as input the total depth of coverage and computes how many of those reads are
reference allele reads.

Usage

getNumReadsR_vector(genotype_v, readCount_v, error)

Arguments
genotype_v is a vector with the genotype of a given individual. Each entry of the vector
should be a different site. Genotypes should be encoded as 0: reference ho-
mozygote, 1: heterozygote and 2: alternative homozygote.
readCount_v is a vector with the number of reads contributed by the same given individual.
Each entry of that vector should be a different site.
error anumeric value with error rate associated with the sequencing and mapping pro-

cess. This error rate is assumed to be symmetric: error(reference - alternative)
= error(alternative - reference). This number should be between 0 and 1.
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Details

More precisely, this function computes the number of reference reads per site for one individual,
given the genotype of the individual at each site, the total number of reads observed for the individ-
ual at that site and an error rate.

Value

a vector with the number of reference allele reads. Each entry of the vector corresponds to a different
individual.

Examples

# number of reference allele reads for three individuals, each with 10x coverage

# one individual is homozygote for the reference allele (0), other is heterozygote (1)
# and the last is homozygote for the alternative allele (2)
getNumReadsR_vector(genotype_v = c(0,1,2), readCount_v = c(10, 10, 10), error = 0.01)

Ifreqgs Compute allele frequencies from genotypes

Description
Computes alternative allele frequencies from genotypes by dividing the total number of alternative
alleles by the total number of gene copies.

Usage

Ifreqs(nDip, genotypes)

Arguments
nDip an integer representing the total number of diploid individuals to simulate. Note
that scrm: : scrm() actually simulates haplotypes, so the number of simulated
haplotypes is double of this.
genotypes a list of simulated genotypes, where each entry is a matrix corresponding to a
different locus. At each matrix, each column is a different SNP and each row is
a different individual.
Value

a list of allele frequencies. Each entry of the list corresponds to a different locus.

Examples

genotypes <- run_scrm(nDip = 10, nloci = 10)
Ifregs(nDip = 10, genotypes)
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indProbs Probability of contribution of each individual

Description

This function computes the probability of contribution for each individual of a given pool. Please
note that this function works for a single pool and should not be directly applied to situations where
multiple pools were used.

Usage
indProbs(np, nSNPs, pError)

Arguments
np an integer specifying how many individuals were pooled.
nSNPs an integer indicating how many SNPs exist in the data.
pError an integer representing the value of the error associated with DNA pooling. This
value is related with the unequal individual contribution towards the total num-
ber of reads contributed by a single pool - the higher the value the more unequal
are the individual contributions.
Value

a matrix with the probabilities of contribution for each individual. Each row represents a different
individual and each column is a different site.

Examples

# probability of contribution for 10 individuals at 5 sites
indProbs(np = 10, nSNPs = 5, pError = 100)

indReads Reads contributed by each individual

Description

This function simulates the contribution, in terms of reads, of each individual of a given pool. Please
note that this function works for a single pool and should not be directly applied to situations where
multiple pools were used.

Usage

indReads(np, coverage, probs)
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Arguments
np an integer specifying how many individuals were pooled.
coverage a vector containing the total depth of coverage of a given pool. Each entry of
the vector represents a different site.
probs a matrix containing the probability of contribution of each individual. This ma-
trix can be obtained with the indProbs function.
Value

a matrix with the number of reads contributed by each individual towards the coverage of its pool.
Each row of the matrix is a different individual and each column a different site.

Examples

# probability of contribution for 10 individuals at 5 sites
probs <- indProbs(np = 10, nSNPs = 5, pError = 100)

# simulate the number of reads contributed, assuming 10x coverage for each site
indReads(np = 10, coverage = rep(10, 5), probs = probs)

maeFreqgs Average absolute difference between allele frequencies computed from
genotypes and from Pool-seq data

Description

Calculates the average absolute difference between the allele frequencies computed directly from
genotypes and from pooled sequencing data.

Usage

maeFreqgs(
nDip,
nloci,
pError,
sError,
mCov,
vCov,
min.minor,
minimum = NA,
maximum = NA,
theta = 10
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Arguments

nDip

nloci

pError

sError

mCov

vCov

min.minor

minimum

maximum

theta

Details

maeFreqs

is an integer or a vector representing the total number of diploid individuals to
simulate. Note that scrm: : scrm() actually simulates haplotypes, so the number
of simulated haplotypes is double of this. If it is a vector, then each vector
entry will be simulated independently. For instance, if nDip = c(100, 200),
simulations will be carried out for samples of 100 and 200 individuals.

is an integer that represents how many independent loci should be simulated.

an integer or a vector representing the value of the error associated with DNA
pooling. This value is related with the unequal contribution of both individuals
and pools towards the total number of reads observed for a given population -
the higher the value the more unequal are the individual and pool contributions.
If it is a vector, then each vector entry will be simulated independently.

a numeric value with error rate associated with the sequencing and mapping pro-
cess. This error rate is assumed to be symmetric: error(reference - alternative)
= error(alternative - reference). This number should be between 0 and 1.

an integer or a vector that defines the mean depth of coverage to simulate. Please
note that this represents the mean coverage across all sites. If it is a vector, then
each vector entry will be simulated independently.

an integer or a vector that defines the variance of the depth of coverage across
all sites. If the mCov is a vector, then vCov should also be a vector, with each
entry corresponding to the variance of the respective entry in the mCov vector.
Thus, the first entry of the vCov vector will be the variance associated with the
first entry of the mCov vector.

is an integer representing the minimum allowed number of minor-allele reads.
Sites that, across all populations, have less minor-allele reads than this threshold
will be removed from the data.

an optional integer representing the minimum coverage allowed. Sites where
the population has a depth of coverage below this threshold are removed from
the data.

an optional integer representing the maximum coverage allowed. Sites where
the population has a depth of coverage above this threshold are removed from
the data.

a value for the mutation rate assuming theta = 4Nu, where u is the neutral muta-
tion rate per locus.

The average absolute difference is computed with the mae function, assuming the frequencies com-
puted directly from the genotypes as the actual input argument and the frequencies from pooled
data as the predicted input argument.

Note that this functions allows for different combinations of parameters. Thus, the effect of different
combinations of parameters on the average absolute difference can be tested. For instance, it is
possible to check what is the effect of different coverages by including more than one value in the
mCov input argument. This function will run and compute the average absolute difference for all
combinations of the nDip, pError and mCov input arguments. This function assumes that a single
pool of size nDip was used to sequence the population.
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Value

a data.frame with columns detailing the number of diploid individuals, the pool error, the number
of pools, the number of individuals per pool, the mean coverage, the variance of the coverage and
the average absolute difference between the frequencies computed from genotypes and from pooled
data.

Examples

# a simple test with a simple combination of parameters
maeFreqs(nDip = 100, nloci = 1@, pError = 100, sError = 0.01, mCov = 100, vCov = 200, min.minor = 1)

# effect of two different pool error values in conjugation with a fixed coverage and pool size
maeFreqs(nDip = 100, nloci = 10, pError = c(100, 200), sError = 0.01,
mCov = 100, vCov = 200, min.minor = 1)

# effect of two different pool error values in conjugation with a fixed pool size
# and two different coverages

maeFreqs(nDip = 100, nloci = 10, pError = c(100, 200), sError = 0.01,

mCov = c(100, 200), vCov = c(200, 500), min.minor = 1)

maeHet Average absolute difference between the expected heterozygosity com-
puted from genotypes and from Pool-seq data

Description

Calculates the average absolute difference between the expected heterozygosity computed directly
from genotypes and from pooled sequencing data.

Usage

maeHet (
nDip,
nloci,
pError,
sError,
mCov,
vCov,
min.minor,
minimum = NA,
maximum = NA,
theta = 10
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Arguments

nDip

nloci

pError

sError

mCov

vCov

min.minor

minimum

maximum

theta

Details

maeHet

is an integer or a vector representing the total number of diploid individuals to
simulate. Note that scrm: : scrm() actually simulates haplotypes, so the number
of simulated haplotypes is double of this. If it is a vector, then each vector
entry will be simulated independently. For instance, if nDip = c(100, 200),
simulations will be carried out for samples of 100 and 200 individuals.

is an integer that represents how many independent loci should be simulated.

an integer or a vector representing the value of the error associated with DNA
pooling. This value is related with the unequal contribution of both individuals
and pools towards the total number of reads observed for a given population -
the higher the value the more unequal are the individual and pool contributions.
If it is a vector, then each vector entry will be simulated independently.

a numeric value with error rate associated with the sequencing and mapping pro-
cess. This error rate is assumed to be symmetric: error(reference - alternative)
= error(alternative - reference). This number should be between 0 and 1.

an integer or a vector that defines the mean depth of coverage to simulate. Please
note that this represents the mean coverage across all sites. If it is a vector, then
each vector entry will be simulated independently.

an integer or a vector that defines the variance of the depth of coverage across
all sites. If the mCov is a vector, then vCov should also be a vector, with each
entry corresponding to the variance of the respective entry in the mCov vector.
Thus, the first entry of the vCov vector will be the variance associated with the
first entry of the mCov vector.

is an integer representing the minimum allowed number of minor-allele reads.
Sites that, across all populations, have less minor-allele reads than this threshold
will be removed from the data.

an optional integer representing the minimum coverage allowed. Sites where
the population has a depth of coverage below this threshold are removed from
the data.

an optional integer representing the maximum coverage allowed. Sites where
the population has a depth of coverage above this threshold are removed from
the data.

a value for the mutation rate assuming theta = 4Nu, where u is the neutral muta-
tion rate per locus.

The average absolute difference is computed with the mae function, assuming the expected het-
erozygosity computed directly from the genotypes as the actual input argument and the expected
heterozygosity from pooled data as the predicted input argument.

Note that this functions allows for different combinations of parameters. Thus, the effect of different
combinations of parameters on the average absolute difference can be tested. For instance, it is
possible to check what is the effect of different coverages by including more than one value in the
mCov input argument. This function will run and compute the average absolute difference for all
combinations of the nDip, pError and mCov input arguments. This function assumes that a single
pool of size nDip was used to sequence the population.
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Value

a data.frame with columns detailing the number of diploid individuals, the pool error, the number
of pools, the number of individuals per pool, the mean coverage, the variance of the coverage and
the average absolute difference between the expected heterozygosity computed from genotypes and
from pooled data.

Examples

# a simple test with a simple combination of parameters
maeHet(nDip = 100, nloci = 10, pError = 100, sError = 0.01, mCov = 100, vCov = 200, min.minor = 1)

# effect of two different pool error values in conjugation with a fixed coverage and pool size
maeHet(nDip = 100, nloci = 10, pError = c(100, 200), sError = 0.01,
mCov = 100, vCov = 200, min.minor = 1)

# effect of two different pool error values in conjugation with a fixed pool size
# and two different coverages

maeHet(nDip = 100, nloci = 10, pError = c(100, 200), sError = 0.01,

mCov = c(100, 200), vCov = c(200, 500), min.minor = 1)

maePool Average absolute difference between allele frequencies

Description

Calculates the average absolute difference between the allele frequencies computed directly from
genotypes and from pooled sequencing data.

Usage

maePool (
nDip,
nloci,
pools,
pError,
sError,
mCov,
vCov,
min.minor,
minimum = NA,
maximum = NA,
theta = 10
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Arguments

nDip

nloci

pools

pError

sError

mCov

vCov

min.minor

minimum

maximum

theta

Details

maePool

an integer representing the total number of diploid individuals to simulate. Note
that scrm: : scrm() actually simulates haplotypes, so the number of simulated
haplotypes is double of this.

is an integer that represents how many independent loci should be simulated.

a list with a vector containing the size (in number of diploid individuals) of each
pool. Thus, if a population was sequenced using a single pool, the vector should
contain only one entry. If a population was sequenced using two pools, each
with 10 individuals, this vector should contain two entries and both will be 10.

an integer representing the value of the error associated with DNA pooling. This
value is related with the unequal contribution of both individuals and pools to-
wards the total number of reads observed for a given population - the higher the
value the more unequal are the individual and pool contributions.

a numeric value with error rate associated with the sequencing and mapping pro-
cess. This error rate is assumed to be symmetric: error(reference - alternative)
= error(alternative - reference). This number should be between 0 and 1.

an integer that defines the mean depth of coverage to simulate. Please note that
this represents the mean coverage across all sites.

an integer that defines the variance of the depth of coverage across all sites.

is an integer representing the minimum allowed number of minor-allele reads.
Sites that, across all populations, have less minor-allele reads than this threshold
will be removed from the data.

an optional integer representing the minimum coverage allowed. Sites where
the population has a depth of coverage below this threshold are removed from
the data.

an optional integer representing the maximum coverage allowed. Sites where
the population has a depth of coverage above this threshold are removed from
the data.

a value for the mutation rate assuming theta = 4Nu, where u is the neutral muta-
tion rate per locus.

Different combinations of parameters can be tested to check the effect of the various parameters.
The average absolute difference is computed with the mae function, assuming the frequencies com-
puted directly from the genotypes as the actual input argument and the frequencies from pooled
data as the predicted input argument.

Value

a data.frame with columns detailing the number of diploid individuals, the pool error, the number
of pools, the number of individuals per pool, the mean coverage, the variance of the coverage and
the average absolute difference between the frequencies computed from genotypes and from pooled

data.

120



mymae

Examples

# single population sequenced with a single pool of 100 individuals
maePool(nDip = 100, nloci = 10, pools = 1list(100), pError = 100, sError = 0.01,
mCov = 100, vCov = 250, min.minor = 2)

# single population sequenced with two pools, each with 50 individuals
maePool(nDip = 100, nloci = 10, pools = list(c(50, 50)), pError = 100, sError = 0.01,
mCov = 100, vCov = 250, min.minor = 2)

# single population sequenced with two pools, each with 50 individuals

# removing sites with coverage below 10x or above 180x

maePool(nDip = 100, nloci = 10, pools = list(c(50, 50)), pError = 100, sError = 0.01,
mCov = 100, vCov = 250, min.minor = 2, minimum = 10, maximum = 180)

mymae Average absolute difference between allele frequencies computed from
genotypes supplied by the user and from Pool-seq data

Description

Calculates the average absolute difference between the allele frequencies computed directly from
genotypes and from pooled sequencing data. The genotypes used should be supplied by the user
and can be simulated using different software and under the demographic model of choice.

Usage

mymae (
genotypes,
pools,
pError,
sError,
mCov,
vCov,
min.minor,
minimum = NA,
maximum = NA

)
Arguments
genotypes a list of genotypes, where each entry is a matrix corresponding to a different
locus. At each matrix, each column is a different SNP and each row is a different
individual. Genotypes should be coded as 0, 1 or 2.
pools a list with a vector containing the size (in number of diploid individuals) of each

pool. Thus, if a population was sequenced using a single pool, the vector should
contain only one entry. If a population was sequenced using two pools, each
with 10 individuals, this vector should contain two entries and both will be 10.
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pError an integer representing the value of the error associated with DNA pooling. This
value is related with the unequal contribution of both individuals and pools to-
wards the total number of reads observed for a given population - the higher the
value the more unequal are the individual and pool contributions.

sError anumeric value with error rate associated with the sequencing and mapping pro-
cess. This error rate is assumed to be symmetric: error(reference - alternative)
= error(alternative - reference). This number should be between 0 and 1.

mCov an integer that defines the mean depth of coverage to simulate. Please note that
this represents the mean coverage across all sites.

vCov an integer that defines the variance of the depth of coverage across all sites.

min.minor is an integer representing the minimum allowed number of minor-allele reads.

Sites that, across all populations, have less minor-allele reads than this threshold
will be removed from the data.

minimum an optional integer representing the minimum coverage allowed. Sites where
the population has a depth of coverage below this threshold are removed from
the data.
maximum an optional integer representing the maximum coverage allowed. Sites where
the population has a depth of coverage above this threshold are removed from
the data.
Details

The average absolute difference is computed with the mae function, assuming the frequencies com-
puted directly from the genotypes as the actual input argument and the frequencies from pooled
data as the predicted input argument.

Note that this functions allows for different combinations of parameters. Thus, the effect of different
combinations of parameters on the average absolute difference can be tested. For instance, it is
possible to check what is the effect of different coverages by including more than one value in the
mCov input argument. This function will run and compute the average absolute difference for all
combinations of the pools, pError and mCov input arguments.

Value

a data.frame with columns detailing the number of diploid individuals, the pool error, the number
of pools, the number of individuals per pool, the mean coverage, the variance of the coverage and
the average absolute difference between the frequencies computed from genotypes and from pooled
data.

Examples

# 100 individuals sampled at a single locus

genotypes <- run_scrm(nDip = 100, nloci = 1, theta = 5)

# compute the mean absolute error assuming a coverage of 100x and two pools of 50 individuals each
mymae (genotypes = genotypes, pools = list(c(50, 50)), pError = 100, sError = 0.001,

mCov = 100, vCov = 250, min.minor = @)

# 10 individuals sampled at 5 different loci
genotypes <- run_scrm(nDip = 10, nloci = 5, theta = 5)

122



numberReferencePop

# compute the mean absolute error assuming a coverage of 100x and one pool of 10 individuals
mymae (genotypes = genotypes, pools = list(10), pError = 100, sError = 0.001,
mCov = 100, vCov = 250, min.minor = @)

numberReferencePop Compute the number of reference reads for multiple populations

Description

This function computes the number of reference reads over a single locus for multiple populations.

Usage

numberReferencePop(genotypes, indContribution, size, error)

Arguments

genotypes either a list with a single entry (one locus) or a matrix (that the function will
convert to a list) containing the genotypes (coded as 0, 1 or 2). Each column of
that matrix should be a different site and each row a different individual.

indContribution
a list where each entry contains the information for a single population. Each
entry should be a matrix, with as many rows as the number of individuals of
that population. Each row contains the number of contributed reads for a given
individual and across all sites.

size a list with one entry per population. Each entry should be a vector containing
the size (in number of diploid individuals) of each pool. Thus, if a population
was sequenced using a single pool, the vector should contain only one entry. If a
population was sequenced using two pools, each with 10 individuals, this vector
should contain two entries and both will be 10.

error a numeric value with error rate associated with the sequencing and mapping pro-
cess. This error rate is assumed to be symmetric: error(reference - alternative)
= error(alternative - reference). This number should be between 0 and 1.

Details

Note that this function will not work as intended if the input consists of multiple loci.

Value

a list with one entry per population. Each entry contains the number of reference allele reads for
the individuals of that population and for that locus. Different individuals are in different rows and
each columns represents a different site.
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Examples

# simulate coverage at 5 SNPs for two populations, assuming 20x mean coverage
reads <- simulateCoverage(mean = c(20, 20), variance = c(100, 100), nSNPs = 5, nLoci = 1)

# simulate the number of reads contributed by each individual
# for each population there are two pools, each with 5 individuals
indContribution <- popsReads(list_np = rep(list(rep(5, 2)), 2), coverage = reads, pError = 5)

# set seed and create a random matrix of genotypes for the 20 individuals - 10 per population
set.seed(10)
genotypes <- matrix(rpois(100, 0.5), nrow = 20)

# simulate the number of reference reads for the two populations
numberReferencePop(genotypes = genotypes, indContribution = indContribution,
size = rep(list(rep(5, 2)), 2), error = 0.01)

Pfregs Compute allele frequencies from pooled sequencing data

Description

Computes the frequency of the alternative allele in Pool-seq data and removes any site with too
few minor-allele reads from both the pool frequencies and the frequencies computed directly from
genotypes.

Usage

Pfregs(reference, alternative, coverage, min.minor, ifreqs)

Arguments

reference a matrix with the number of reference allele reads. Each row should be a differ-
ent population and each column a different site.

alternative a matrix with the number of alternative allele reads. Each row should be a
different population and each column a different site.

coverage a matrix with the total coverage. Each row should be a different population and
each column a different site.

min.minor is an integer representing the minimum allowed number of minor-allele reads.
Sites that, across all populations, have less minor-allele reads than this threshold
will be removed from the data.

ifregs a vector of allele frequencies computed directly from the genotypes where each

entry corresponds to a different site.
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Details

The frequency at a given SNP is calculated according to: pi = ¢/r, where ¢ = number of alternative
allele reads and r = total number of observed reads. Additionally, if a site has less minor-allele reads
than min.minor across all populations, that site is removed from the data.

Value

a list with two entries. The ifreqgs entry contains the allele frequencies computed directly from
genotypes and pfregs the allele frequencies computed from pooled sequencing data.

Examples

set.seed(10)

# create a vector of allele frequencies

freqs <- runif(20)

set.seed(10)

# create a matrix with the number of reads with the alternative allele
alternative <- matrix(sample(x = c(0,5,10), size = 20, replace = TRUE), nrow = 1)
# create a matrix with the depth of coverage

coverage <- matrix(sample(100:150, size = 20), nrow = 1)

# the number of reads with the reference allele is obtained by subtracting

# the number of alternative allele reads from the depth of coverage
reference <- coverage - alternative

# compute allele frequencies from pooled sequencing data

Pfreqs(reference = reference, alternative = alternative, coverage = coverage,
min.minor = 2, ifreqs = freqs)

pool2sync Create 'synchronized’ file from Pool-seq data

Description

Creates and saves a file with the information from Pool-seq data coded in the ’synchronized’ format.

Usage

pool2sync(reference, alternative, file, pos = NULL)

Arguments
reference is a list where each entry corresponds to a different locus. Each list entry is
a vector with the number of reads with the reference allele. Each entry of the
vector corresponds to a different SNP. This list can have a single entry if the data
is comprised of a single locus.
alternative is a list where each entry corresponds to a different locus. Each list entry is a

vector with the number of reads with the alternative allele. Each entry of the
vector corresponds to a different SNP. This list can have a single entry if the
data is comprised of a single locus.
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file is a character string naming the file to write to.

pos is an optional input (default is NULL). If the actual position of the SNPs are
known, they can be used as input here. When working with a single locus, this
should be a numeric vector with each entry corresponding to the position of
each SNP. If the data has multiple loci, this should be a list where each entry is
a numeric vector with the position of the SNPs for a different locus.

Details

It starts by converting the number of reads with the reference allele and the alternative allele
to a A-count:T-count:C-count:G-count:N-count:deletion-count string. Here, we assume that the
reference allele is always A and the alternative is always T.

Then, this A-count:T-count:C-count:G-count:N-count:deletion-count string is combined with other
necessary information such as the chromosome of each SNP, the position of the SNP and the refer-
ence character. This step creates a data frame where each row corresponds to a different SNP.

A file is then created and saved in the current working directory, with the Pool-seq data coded in
the ’synchronized’ file format.

Value

a file in the current working directory containing Pool-seq data in the ’synchronized’ format.

Examples

# simulate Pool-seq data for 100 individuals sampled at a single locus

genotypes <- run_scrm(nDip = 100, nloci = 1, theta = 5)

# simulate Pool-seq data assuming a coverage of 100x and two pools of 5@ individuals each

pool <- simPoolseq(genotypes = genotypes, pools = c(50, 50), pError = 100, sError = 0.001,

mCov = 100, vCov = 250, min.minor = @)

# create a 'synchronized' file of the simulated data - this will create a txt file

# pool2sync(reference = pool$reference, alternative = pool$alternative, file = "mysync.txt")

# simulate Pool-seq data for 10 individuals sampled at 5 loci

genotypes <- run_scrm(nDip = 10, nloci = 5, theta = 5)

# simulate Pool-seq data assuming a coverage of 100x and a single pool of 10 individuals
pool <- simPoolseq(genotypes = genotypes, pools = 10, pError = 100, sError = 0.001,
mCov = 100, vCov = 250, min.minor = @)

# create a 'synchronized' file of the simulated data - this will create a txt file
# pool2sync(reference = pool$reference, alternative = pool$alternative, file = "mysync.txt")

pool2vcf Create VCF file from Pool-seq data

Description

Creates and saves a file with the information from Pool-seq data coded in the VCF format.
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Usage

pool2vcf(reference, alternative, total, file, pos = NULL)

Arguments

reference

alternative

total

file

pos

Details

is a list where each entry corresponds to a different locus. Each list entry is
a vector with the number of reads with the reference allele. Each entry of the
vector corresponds to a different SNP. This list can have a single entry if the data
is comprised of a single locus.

is a list where each entry corresponds to a different locus. Each list entry is a
vector with the number of reads with the alternative allele. Each entry of the
vector corresponds to a different SNP. This list can have a single entry if the
data is comprised of a single locus.

is a list where each entry corresponds to a different locus. Each list entry is a
vector with the total number of reads observed at each SNP. Each entry of the
vector corresponds to a different SNP. This list can have a single entry if the data
is comprised of a single locus.

is a character string naming the file to write to.

is an optional input (default is NULL). If the actual position of the SNPs are
known, they can be used as input here. When working with a single locus, this
should be a numeric vector with each entry corresponding to the position of
each SNP. If the data has multiple loci, this should be a list where each entry is
a numeric vector with the position of the SNPs for a different locus.

It starts by converting the number of reads with the reference allele, the alternative allele and
the total depth of coverage to a R,A:DP string. R is the number of reads of the reference allele, A
is the number of reads of the alternative allele and DP is the total depth of coverage.

Then, this information coded as R,A:DP is combined with other necessary information such as the
chromosome of each SNP, the position of the SNP and the quality of the genotype among others.
This creates a data frame where each row corresponds to a different SNP.

A file is then created and saved in the current working directory, with the header lines that go
above the table in a VCF file. Finally, the data frame is appended to that file.

Value

a file in the current working directory containing Pool-seq data in the VCF format.

Examples

# simulate Pool-seq data for 100 individuals sampled at a single locus

genotypes <- run_scrm(nDip = 100, nloci = 1, theta = 5)

# simulate Pool-seq data assuming a coverage of 100x and two pools of 50 individuals each
pool <- simPoolseq(genotypes = genotypes, pools = c(50, 50), pError = 100, sError = 0.001,
mCov = 100, vCov = 250, min.minor = @)

# create a vcf file of the simulated data - this will create a txt file

# pool2vcf(reference = pool$reference, alternative = pool$alternative,
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# total = pool$total, file = "myvcf.txt")

# simulate Pool-seq data for 10 individuals sampled at 5 loci

genotypes <- run_scrm(nDip = 10, nloci = 5, theta = 5)

# simulate Pool-seq data assuming a coverage of 100x and a single pool of 10 individuals
pool <- simPoolseq(genotypes = genotypes, pools = 10, pError = 100, sError = 0.001,
mCov = 100, vCov = 250, min.minor = @)

# create a vcf file of the simulated data - this will create a txt file
# pool2vcf(reference = pool$reference, alternative = pool$alternative,
# total = pool$total, file = "myvcf.txt")

poolPops Create Pooled DNA sequencing data for multiple populations

Description
This function combines the information for each individual of each population into information at
the population level.

Usage

poolPops(nPops, nLoci, indContribution, readsReference)

Arguments
nPops An integer representing the total number of populations in the dataset.
nLoci An integer that represents the total number of independent loci in the dataset.
indContribution

Either a list or a matrix (when dealing with a single locus).

readsReference A list, where each entry contains the information for a single locus. Each list
entry should then have one separate entry per population. Each of these entries
should be a matrix, with each row corresponding to a single individual and each
column a different site. Thus, each entry of the matrix contains the number of
observed reads with the reference allele for that individual at a given site. The
output of the numberReference or numberReferencePop functions should be
the input here.

Details

In other words, the information of all individuals in a given population is combined into a single
population value and this is done for the various populations. In this situation, each entry of the
indContribution and readsReference lists should contain one entry per population - being, in
essence, a list within a list. Please note that this function is intended to work for multiple populations
and should not be used with a single population.
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Value

a list with three names entries

reference a list with one entry per locus. Each entry is a matrix with the number of ref-
erence allele reads for each population. Each column represents a different site
and each row a different population.

alternative a list with one entry per locus. Each entry is a matrix with the number of alter-
native allele reads for each population. Each column represents a different site
and each row a different population.

total a list with one entry per locus. Each entry is a matrix with the coverage of each
population. Each column represents a different site and each row a different
population.
Examples

# simulate coverage at 5 SNPs for two populations, assuming 20x mean coverage
reads <- simulateCoverage(mean = c(20, 20), variance = c(100, 100), nSNPs = 5, nLoci = 1)

# simulate the number of reads contributed by each individual
# for each population there are two pools, each with 5 individuals
indContribution <- popsReads(list_np = rep(list(rep(5, 2)), 2), coverage = reads, pError = 5)

# set seed and create a random matrix of genotypes for the 20 individuals - 1@ per population
set.seed(10)
genotypes <- matrix(rpois(100, ©.5), nrow = 20)

# simulate the number of reference reads for the two populations
readsReference <- numberReferencePop(genotypes = genotypes, indContribution = indContribution,
size = rep(list(rep(5, 2)), 2), error = 0.01)

# create Pooled DNA sequencing data for these two populations and for a single locus
poolPops(nPops = 2, nLoci = 1, indContribution = indContribution, readsReference = readsReference)

poolProbs Probability of contribution of each pool

Description

This function computes the probability of contribution of each pool towards the total depth of cov-
erage of a single population. If multiple pools where used to sequence a single population, it is
possible that some pools contribute more than others.

Usage

poolProbs(nPools, vector_np, nSNPs, pError)
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Arguments
nPools an integer indicating how many pools were used to sequence the population.
vector_np is a vector where each entry contains the number of diploid individuals of a
given pool. Thus, if a population was sequenced using two pools, each with 10
individuals, this vector would contain two entries and both will be 10.
nSNPs an integer indicating how many SNPs exist in the data.
pError an integer representing the value of the error associated with DNA pooling. This
value is related with the unequal pool contribution towards the total number
of reads of a population - the higher the value the more unequal are the pool
contributions.
Value

a matrix with the probabilities of contribution for each pool. Each row represents a different pool
and each column is a different site.

Examples

# probability of contribution at 8 SNPs for 5 pools, each with 10 individuals
poolProbs(nPools = 5, vector_np = rep(10, 5), nSNPs = 8, pError = 50)

poolReads Reads contributed by each pool

Description
This function simulates the contribution, in terms of reads, of each pool. The number of reads
contributed from all pools is equal to the total coverage of the population.

Usage

poolReads(nPools, coverage, probs)

Arguments
nPools an integer indicating how many pools were used to sequence the population.
coverage a vector containing the total depth of coverage of the population. Each entry of
the vector represents a different site.
probs a matrix containing the probability of contribution of each pool used to sequence
the population. This matrix can be obtained with the poolProbs function.
Value

a matrix with the number of reads contributed by each pool towards the total coverage of the popu-
lation. Each row of the matrix is a different pool and each column a different site.
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Examples

# simulate the probability of contribution of each pool
probs <- poolProbs(nPools = 5, vector_np = rep(1@, 5), nSNPs = 8, pError = 50)

# simulate the number of reads contributed, assuming 10x coverage for each site
poolReads(nPools = 5, coverage = rep(10, 8), probs = probs)

popReads Compute number of reads for each individual and across all sites

Description

This function computes the contribution of each individual towards the total coverage of a given
population.

Usage

popReads(vector_np, coverage, pError)

Arguments
vector_np is a vector where each entry contains the number of diploid individuals of a
given pool. Thus, if a population was sequenced using two pools, each with 10
individuals, this vector would contain two entries and both will be 10.
coverage a vector containing the total depth of coverage of the population. Each entry of
the vector represents a different site.
pError an integer representing the value of the error associated with DNA pooling. This
value is related with the unequal contribution of both individuals and pools to-
wards the total number of reads observed for a given population - the higher the
value the more unequal are the individual and pool contributions.
Details

If multiple pools were used to sequence a population, this will compute the contribution of each
pool and then use that to calculate how many reads does that pool contribute. Next, the probability
of contribution of each individual is computed and utilized to calculate the number of reads that
each individual contributes towards the total number of reads observed in the corresponding pool.

Value

a matrix with the number of reads contributed by each individual. Each row of the matrix corre-
sponds to a different individual and each column to a different site.
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Examples

# simulate number of reads contributed by each individual towards the total population coverage
# assuming a coverage of 10x at 5 sites and two pools, each with 5 individuals
popReads(vector_np = c(5, 5), coverage = rep(10, 5), pError = 100)

popsReads Simulate total number of reads for multiple populations

Description

Simulates the contribution of each individual towards the total coverage of its population.

Usage

popsReads(list_np, coverage, pError)

Arguments
list_np is a list where each entry corresponds to a different population. Each entry is
a vector and each vector entry contains the number of diploid individuals of a
given pool. Thus, if a population was sequenced using two pools, each with 10
individuals, this vector would contain two entries and both will be 10.
coverage a matrix containing the total depth of coverage of all populations. Each row
corresponds to a different population and each column to a different site.
pError an integer representing the value of the error associated with DNA pooling. This
value is related with the unequal contribution of both individuals and pools to-
wards the total number of reads observed for a given population - the higher the
value the more unequal are the individual and pool contributions.
Details

If multiple pools were used to sequence a population, this will compute the contribution of each
pool and then use that to calculate how many reads does that pool contribute. Next, the probability
of contribution of each individual is computed and utilized to calculate the number of reads that
each individual contributes towards the total number of reads observed in the corresponding pool.
These steps will be performed for each population, thus obtaining the number of reads contributed
by each individual for each population.

Value

a list with one entry per population. Each entry represents the number of reads contributed by each
individual towards the total coverage of its population. Different individuals correspond to different
rows and different sites to different columns.
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Examples

# simulate coverage for two populations sequenced at 10x at 5 sites
reads <- simulateCoverage(mean = c(10, 10), variance = c(20, 20), nSNPs = 5, nLoci = 1)

# simulate the individual contribution towards that coverage

# assuming that the first population was sequenced using two pools of 5 individuals
# and the second using a single pool with 10 individuals

popsReads(list_np = list(c(5, 5), 10), coverage = reads, pError = 5)

removeSites

Apply a minor allele reads threshold

Description

Removes sites where the total number of minor-allele reads is below a certain threshold.

Usage

removeSites(freqs, alternative, coverage, minor, min.minor)

Arguments

freqgs

alternative
coverage
minor

min.minor

Details

a vector of allele frequencies where each entry corresponds to a different site.

a matrix with the number of reads with the alternative allele. Each row should
be a different population and each column a different site.

a matrix with the total coverage. Each row should be a different population and
each column a different site.

a matrix with the number of minor-allele reads. Each row should be a different
population and each column a different site.

is an integer representing the minimum allowed number of minor-allele reads.
Sites that, across all populations, have less minor-allele reads than this threshold
will be removed from the data.

If a site has less minor-allele reads than min.minor across all populations, that site is removed from

the data.

Value

a list with three named entries:

freqgs

alternative

coverage

is a vector with the allele frequencies minus the frequency of the removed sites.

is a matrix with the number of alternative-allele reads per site, minus any re-
moved sites.

is a matrix with the depth of coverage minus the coverage of the removed sites.
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Examples

# create a vector of allele frequencies
freqs <- runif(20)

set.seed(10)

# create a matrix with the number of reads with the alternative allele
alternative <- matrix(sample(x = c(0,5,10), size = 20, replace = TRUE), nrow
# create a matrix with the depth of coverage

coverage <- matrix(sample(100:150, size = 20), nrow = 1)

# the number of reads with the reference allele is obtained by subtracting

# the number of alternative allele reads from the depth of coverage
reference <- coverage - alternative

»

# find the minor allele at each site

minor <- findMinor(reference = reference, alternative = alternative, coverage = coverage)
# keep only the matrix with the minor allele reads

minor <- minor[["minor"]]

# remove sites where the number of minor-allele reads is below the threshold
removeSites(freqs = freqgs, alternative = alternative, coverage = coverage,
minor = minor, min.minor = 2)

remove_by_reads Apply a coverage-based filter over a list

Description

This function removes sites that have a coverage below a minimum value and sites with a coverage
above a maximum value. This is done over multiple loci, assuming that each entry of the reads list
is a different locus. If a list of genotypes is also supplied, then those same sites are also removed
from each locus of the genotypes.

Usage

remove_by_reads(nLoci, reads, minimum, maximum, genotypes = NA)

Arguments

nLoci an integer that represents how many independent loci were simulated.

reads a list with the total depth of coverage. Each entry of the list should be a ma-
trix corresponding to a different locus. Each row of that matrix should be the
coverage of a different population and each column a different site.

minimum an integer representing the minimum coverage allowed. Sites where any popu-
lation has a depth of coverage below this threshold are removed from the data.

maximum an integer representing the maximum coverage allowed. Sites where any popu-

lation has a depth of coverage above this threshold are removed from the data.
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genotypes an optional list input with the genotypes. Each entry of the list should be a
matrix corresponding to a different locus. Each column of the matrix should be
a different site and each row a different individual.

Value

a list with the total depth of coverage similar to the reads input argument but without sites where
the coverage was below the minimum or above the maximum. If the genotypes were included, a
second list entry will also be included in the output, containing the genotypes minus the sites that
were removed.

Examples

set.seed(10)

# simulate coverage for 10 locus
reads <- simulateCoverage(mean = c(25, 25), variance = c(200, 200), nSNPs = 10, nLoci = 10)

# remove sites with coverage below 10x or above 100x

reads <- remove_by_reads(nLoci = 10, reads = reads, minimum = 5, maximum = 100)
# notice that some locus no longer have 10 SNPs - those sites were removed
reads

remove_by_reads_matrix
Apply a coverage-based filter to a matrix

Description

This function removes sites that have a coverage below a minimum value and sites with a coverage
above a maximum value. If a matrix of genotypes is also supplied, then those same sites are also
removed from that matrix.

Usage

remove_by_reads_matrix(reads, minimum, maximum, genotypes = NA)

Arguments

reads a matrix with the total depth of coverage. Each row of the matrix should be the
coverage of a different population and each column a different site.

minimum an integer representing the minimum coverage allowed. Sites where any popu-
lation has a depth of coverage below this threshold are removed from the data.

maximum an integer representing the maximum coverage allowed. Sites where any popu-
lation has a depth of coverage above this threshold are removed from the data.

genotypes an optional matrix input with the genotypes. Each column of the matrix should

be a different site and each row a different individual.
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Value

a matrix with the total depth of coverage minus the sites (i.e. columns) where the coverage for any
of the populations was below the minimum or above the maximum. If genotypes were supplied,
then the output will be a list, with one entry per locus. Each entry will contain the filtered coverage
in the first entry and the genotypes, minus the removed sites, in the second entry.

Examples

set.seed(10)

# simulate coverage for a single locus - select the first entry to obtain a matrix
reads <- simulateCoverage(mean = c(25, 25), variance = c(200, 200), nSNPs = 10, nLoci = 1)[[11]

# check the coverage matrix
reads

# remove sites with coverage below 10x or above 100x
remove_by_reads_matrix(reads = reads, minimum = 10, maximum = 100)

run_scrm Simulate a single population

Description

Simulates the evolution of biological sequences for a single population with variable theta values.

Usage

run_scrm(nDip, nloci, theta = 10)

Arguments
nDip an integer representing the total number of diploid individuals to simulate. Note
that scrm: : scrm() actually simulates haplotypes, so the number of simulated
haplotypes is double of this.
nloci is an integer that represents how many independent loci should be simulated.
theta a value for the mutation rate assuming theta = 4Nu, where u is the neutral muta-
tion rate per locus.
Value

a list with genotypes. Each entry of the list corresponds to a different locus. For each locus, the

genotypes are in a matrix, with each row representing a different individual and each column a
different site.
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Examples

run_scrm(nDip
run_scrm(nDip

100, nloci

10)

= 100, nloci = 10, theta = 5)

simPoolseq

Simulate Pool-seq data

Description

Simulates pooled sequencing data given a set of parameters and individual genotypes.

Usage

simPoolseq(
genotypes,
pools,
pError,
sError,
mCov,
vCov,
min.minor,
minimum =
maximum =

Arguments

genotypes

pools

pError

sError

mCov

vCov

NA,
NA

a list of genotypes, where each entry is a matrix corresponding to a different
locus. At each matrix, each column is a different SNP and each row is a different
individual. Genotypes should be coded as 0, 1 or 2.

a list with a vector containing the size (in number of diploid individuals) of each
pool. Thus, if a population was sequenced using a single pool, the vector should
contain only one entry. If a population was sequenced using two pools, each
with 10 individuals, this vector should contain two entries and both will be 10.

an integer representing the value of the error associated with DNA pooling. This
value is related with the unequal contribution of both individuals and pools to-
wards the total number of reads observed for a given population - the higher the
value the more unequal are the individual and pool contributions.

a numeric value with error rate associated with the sequencing and mapping pro-
cess. This error rate is assumed to be symmetric: error(reference - alternative)
= error(alternative - reference). This number should be between 0 and 1.

an integer that defines the mean depth of coverage to simulate. Please note that
this represents the mean coverage across all sites.

an integer that defines the mean depth of coverage to simulate. Please note that
this represents the mean coverage across all sites.
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min.minor is an integer representing the minimum allowed number of minor-allele reads.
Sites that, across all populations, have less minor-allele reads than this threshold
will be removed from the data.

minimum an optional integer representing the minimum coverage allowed. Sites where
the population has a depth of coverage below this threshold are removed from
the data.
maximum an optional integer representing the maximum coverage allowed. Sites where
the population has a depth of coverage above this threshold are removed from
the data.
Details

Note that this functions allows for different combinations of parameters. Thus, Pool-seq data can be
simulated for a variety of parameters. For instance, different mean depths of coverage can be used
to simulate Pool-seq data. It is also possible to simulate Pool-seq data using different pool sizes (by
changing the pools input) and different values of the Pool-seq error parameter (pError).

Value

a list with three named entries:

reference a list with one entry per locus. Each entry is a matrix with the number of refer-
ence allele reads. Each column represents a different site.

alternative a list with one entry per locus. Each entry is a matrix with the number of alter-
native allele reads. Each column represents a different site.

total a list with one entry per locus. Each entry is a matrix with the total depth of
coverage. Each column represents a different site.

Examples

# simulate Pool-seq data for 100 individuals sampled at a single locus

genotypes <- run_scrm(nDip = 100, nloci = 1, theta = 5)

# simulate Pool-seq data assuming a coverage of 100x and two pools of 5@ individuals each
simPoolseq(genotypes = genotypes, pools = c(50, 50), pError = 100, sError = 0.001,

mCov = 100, vCov = 250, min.minor = @)

# simulate Pool-seq data for 10 individuals sampled at 5 loci

genotypes <- run_scrm(nDip = 10, nloci = 5, theta = 5)

# simulate Pool-seq data assuming a coverage of 100x and a single pool of 10 individuals
simPoolseq(genotypes = genotypes, pools = 10, pError = 100, sError = 0.001,

mCov = 100, vCov = 250, min.minor = @)
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simReads Simulate coverage at a single locus

Description
Simulates the total number of reads, for each polymorphic site of a given locus using a negative
binomial distribution.

Usage

simReads(mean, variance, nSNPs = NA, genotypes = NA)

Arguments
mean an integer that defines the mean depth of coverage to simulate. Please note that
this represents the mean coverage across all sites. If a vector is supplied instead,
the function assumes that each entry of the vector is the mean for a different
population.
variance an integer that defines the variance of the depth of coverage across all sites. If a
vector is supplied instead, the function assumes that each entry of the vector is
the variance for a different population.
nSNPs an integer representing the number of polymorphic sites per locus to simulate.
This is an optional input but either this or the genotypes matrix must be sup-
plied.
genotypes a matrix of simulated genotypes, where each column is a different SNP and each
row is a different individual. This is an optional input but either this or the nSNPs
must be supplied.
Details

The total number of reads is simulated with a negative binomial and according to a user-defined
mean depth of coverage and variance. This function is intended to work with a matrix of genotypes,
simulating the depth of coverage for each site present in the genotypes. However, it can also be used
to simulate coverage distributions independent of genotypes, by choosing how many sites should
be simulated (with the nSNPs option).

Value

a matrix with the total coverage per population and per site. Different rows represent different
populations and each column is a different site.

Examples

# coverage for one population at 10 sites
simReads(mean = 20, variance = 100, nSNPs = 10)

# simulate coverage at one locus with 10 SNPs for two populations:
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# the first with

simulateCoverage

100x and the second with 50x

simReads(mean = c(100, 50), variance = c(250, 150), nSNPs = 10)
simulateCoverage Simulate total number of reads per site
Description

This function simulates the total number of reads, for each polymorphic site using a negative bino-

mial distribution.

Usage

simulateCoverage(mean, variance, nSNPs = NA, nLoci = NA, genotypes = NA)

Arguments

mean

variance

nSNPs
nLoci

genotypes

Details

The total number

an integer that defines the mean depth of coverage to simulate. Please note that
this represents the mean coverage across all sites. If a vector is supplied instead,
the function assumes that each entry of the vector is the mean for a different
population.

an integer that defines the variance of the depth of coverage across all sites. If a
vector is supplied instead, the function assumes that each entry of the vector is
the variance for a different population.

an integer representing the number of polymorphic sites per locus to simulate.
This is an optional input but either this or the genotypes list must be supplied.
an optional integer that represents how many independent loci should be simu-
lated.

a list of simulated genotypes, where each entry is a matrix corresponding to a
different locus. At each matrix, each column is a different SNP and each row is
a different individual. This is an optional input but either this or the nSNPs must
be supplied.

of reads is simulated with a negative binomial and according to a user-defined

mean depth of coverage and variance. This function is intended to work with a list of genotypes,
simulating the depth of coverage for each site present in the genotypes. However, it can also be
used to simulate coverage distributions independent of genotypes, by choosing how many loci to

simulate (with the

the nSNPs option).

Value

nLoci option) and choosing how many sites per locus should be simulated (with

a list with the total coverage per population and per site. Each list entry is a matrix corresponding to
a different locus. For each matrix, different rows represent different populations and each column

is a different site.
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Examples

# simulate 10 loci, each with 10 SNPs for a single population
simulateCoverage(mean = 100, variance = 250, nSNPs = 10, nLoci = 10)

# simulate 10 loci, each with 10 SNPs for two populations:
# the first with 100x and the second with 50x
simulateCoverage(mean = c(100, 50), variance = c(250, 150), nSNPs = 10, nLoci = 10)

# simulate coverage given a set of genotypes

# run scrm and obtain genotypes

genotypes <- run_scrm(nDip = 100, nloci = 10)

# simulate coverage

simulateCoverage(mean = 50, variance = 200, genotypes = genotypes)
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4.1 ABSTRACT

Next-generation sequencing of pooled samples (Pool-seq) is a popular method to assess genome-
wide diversity patterns in natural and experimental populations. However, Pool-seq is associated
with specific sources of noise, such as unequal individual contributions. Consequently, using Pool-
seq for the reconstruction of evolutionary history has remained underexplored. Here we describe a
novel Approximate Bayesian Computation (ABC) method to infer demographic history, explicitly
modeling Pool-seq sources of error. By jointly modeling Pool-seq data, demographic history and
the effects of selection due to barrier loci, we obtain estimates of demographic history parameters
accounting for technical errors associated with Pool-seq. Our ABC approach is computationally
efficient as it relies on simulating subsets of loci (rather than the whole-genome), and on using
relative summary statistics and relative model parameters. Our simulation study results indicate
Pool-seq data allows distinction between general scenarios of ecotype formation (single versus
parallel origin), and to infer relevant demographic parameters (e.g., effective sizes, split times). We
exemplify the application of our method to Pool-seq data from the rocky-shore gastropod Littorina
saxatilis, sampled on a narrow geographical scale at two Swedish locations where two ecotypes
(Wave and Crab) are found. Our model choice and parameter estimates show that ecotypes formed
before colonization of the two locations (i.e., single origin) and are maintained despite gene flow.
These results indicate that demographic modeling and inference can be successful based on pool-
sequencing using ABC, contributing to the development of suitable null models that allow for a

better understanding of the genetic basis of divergent adaptation.

Keywords: Pool-seq, demographic inference, Approximate Bayesian Computation, R package,
ecotype formation

4.2 INTRODUCTION

Population genomics data can be used to infer the complex demographic and adaptive processes
that have shaped natural populations. Next Generation Sequencing (NGS) has revolutionized the
field of population genomics, allowing reconstruction of evolutionary histories using thousands
of SNPs across the genome (Ellegren, 2014). However, generating and sequencing individual li-
braries can be expensive and difficult for certain species (e.g., small organisms). In such cases,
an effective alternative is to combine DNA from various individuals, producing a single library
that is then sequenced (Pool-seq). NGS of pooled samples requires less DNA per individual, re-

ducing the necessary laboratory work by decreasing the number of library preparations needed.
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This results in decreased costs while still allowing the comparison of populations on a genomic
scale (Schlotterer, Tobler, Kofler, & Nolte, 2014). However, pooling introduces challenges in data
analysis due to non-equimolar DNA concentrations and stochastic variation in amplification or se-
quencing efficiency, which can result in loss of accuracy of allele frequency estimates (Anderson,
Skaug, & Barshis, 2014; Cutler & Jensen, 2010; Ellegren, 2014). Furthermore, DNA from mul-
tiple individuals can be extracted in batches, combining multiple batches into a single pool for
library preparation and sequencing (Morales et al., 2019; Ross, Endersby-Harshman, & Hoffmann,
2019), which can lead to unequal representation due to variation in extraction efficiency and/or
non-equimolar concentrations of DNA between batches. Nonetheless, theoretical and empirical
comparisons of individual-based sequencing and Pool-seq indicate that when an equal sequencing
effort is employed, Pool-seq allows the analysis of more individuals which leads to similar or more
precise allele frequency estimates (Futschik & Schlotterer, 2010; Gautier et al., 2013). Although
empirical studies showed that individual-based sequencing provides more information to detect
fine-scale population substructure (e.g., hybrids and migrants) than Pool-seq, both approaches are
suitable for inferring population genetic structure (Chen et al., 2022; Dorant et al., 2019). Indeed,
when a large number of samples is available, Pool-seq data results in more accurate estimates of ef-
fective population sizes and divergence or admixture time events (Collin et al., 2021). Pool-seq has
been used in various studies, ranging from population genomic analysis (Begun et al., 2007; Fer-
retti, Ramos-Onsins, & Pérez-Enciso, 2013; Rubin et al., 2012) to experimental evolution (Parts et
al., 2011; Turner, Stewart, Fields, Rice, & Tarone, 2011; Zhou et al., 2011) and human genetics ap-
plications to uncover disease-related mutations (Calvo et al., 2010; Lieberman et al., 2014; Prescott
et al., 2015). Yet, using Pool-seq to perform demographic history inference has been hampered by

a lack of tools that explicitly model this type of data.

Recent developments in population genomics using simulations include machine learning and
model-based inference approaches (Schrider, Shanku, & Kern, 2018; Sheehan & Song, 2016). The
latter allows comparing alternative models and estimating parameters. Model-based inference
methods, such as Approximate Bayesian Computation (ABC), offer important advantages (for a
review see Beaumont et al., 2010 and Hickerson, 2014), because they allow for explicit and joint
consideration of evolutionary processes and sampling effects. ABC replaces data with summary
statistics (e.g., heterozygosity, dxy, Fs7) and uses simulations to select models and estimate param-
eters. The simplest ABC algorithm is based on a rejection approach (Tavaré, Balding, Griffiths,
& Donnelly, 1997), where parameter values (and/or models) sampled from the prior are accepted
if the distance between the simulated and observed summary statistics is below a given distance
threshold (i.e. tolerance) or rejected otherwise. Accepted parameter values provide a sample of

independent points from the posterior distribution. Given its flexibility, ABC has been widely
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used in ecology (Pontarp, Brannstrom, & Petchey, 2019; Zhang, Dennis, Landers, Bell, & Perry,
2017), systems biology (Liepe et al., 2014) and population genetics (Cooke & Nakagome, 2018;
Rougemont & Bernatchez, 2018), with various software implementations (Boitard, Rodriguez, Jay,
Mona, & Austerlitz, 2016; Cornuet et al., 2014; Huang, Takebayashi, Qi, & Hickerson, 2011; Weg-
mann, Leuenberger, Neuenschwander, & Excoffier, 2010). However, implementing ABC for whole
genome data is challenging (Smith & Flaxman, 2020) due to the heavy computational burden and
difficulty in simulating recombination and mutation rate variation along the genome (Jay, Boitard,
& Austerlitz, 2019).

Genomic data from natural populations has led to recent progress in the field of speciation,
particularly through the study of ecotypes, which represent putative initial stages in speciation
(Turesson, 1922). Many studies of ecotype evolution (Fang, Kemppainen, Momigliano, Feng, &
Merild, 2020; Ravinet et al., 2016; Riesch et al., 2017; Van Belleghem et al., 2018) aim to infer if
the same phenotypes have evolved in multiple times and locations when facing similar divergent
pressures, i.e. in parallel (Faria et al., 2014; Schluter, 2000). The support for natural selection in
ecotype formation increases with the number of population replicates studied, but individual se-
quencing can become prohibitively expensive. Therefore, Pool-seq is useful in studies of parallel
adaptation and speciation (Morales et al., 2019). Studies of ecotype formation usually consider
two scenarios (Faria et al., 2014; Johannesson et al., 2010): (i) initial adaptive divergence occurred
once with subsequent colonization of analogous pairs of environments (single origin scenario); and
(i1) colonization of multiple environments was followed by independent evolutionary divergence
(parallel origin scenario). Lower genetic distance between ecotypes within a locality, inferred by
principal component analysis or structure plots, is frequently interpreted as a signal of parallel
evolution. However, ongoing or past gene flow between different ecotypes can complicate the
distinction between these scenarios (Faria et al., 2014). Rather, distinguishing between these hy-
potheses requires an explicit contrast of the different scenarios in a model-based framework (Butlin
et al., 2012, 2014).

Model-based inference methods are commonly used to test whether divergence occurred with
or without gene flow (Kliitsch, Manseau, Trim, Polfus, & Wilson, 2016), whether there is ongo-
ing gene flow (Bakovic et al., 2021), as well as in finding the most likely population tree for a
given set of sampled populations (Louis et al., 2014) or estimating relevant demographic param-
eters (Andrew, Kane, Baute, Grassa, & Rieseberg, 2013). However, they have rarely been used
explicitly to contrast different demographic scenarios of ecotype formation, despite some examples
using coalescent-based approaches (Hume, Recknagel, Bean, Adams, & Mable, 2018) coupled with
maximum composite-likelihoods (Le Moan, Gagnaire, & Bonhomme, 2016). Even in recognized

model systems for parallel evolution in natural populations, such as the common rocky-shore gas-
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tropod, Littorina saxatilis, model-based inference methods have seldom been used. This species,
found in locations that span the North Atlantic (Reid, 1996), is characterised by the existence of two
ecotypes in close proximity: one adapted to crab predation (hereafter "Crab” ecotype) and another
to heavier wave exposure ("Wave” ecotype) (Johannesson et al., 2010). Parallel differentiation of
these ecotypes has been suggested before (Butlin et al., 2014; Panova, Hollander, & Johannesson,
2006; Rivas et al., 2018; Westram, Panova, Galindo, & Butlin, 2016) but only a single study, based
on a limited number of markers, has contrasted the parallel origin scenario against an explicitly
defined alternative hypothesis (Butlin et al., 2014). Thus, there is a clear need for efficient and
easy-to-use methods that could readily distinguish between the two scenarios, particularly when
that distinction might be complicated by recent gene flow.

Here we present a new R package to perform model choice and estimate demographic history
parameters tailored to Pool-seq data. The main novelty is that we explicitly model and account
for known sources of error associated with pool-based sequencing. We perform simulation studies
to assess whether we can leverage pooled sequencing data to infer demographic parameters using
ABC under a relatively simple two-population isolation with migration model and to differentiate
between alternative scenarios of ecotype formation in more complex models with four populations.
Importantly, we consider different migration rates among loci to account for the effects of selection
against migrants at neutral markers linked to barriers against gene flow. We illustrate the application
of our ABC method to Pool-seq whole genome data from L. saxatilis ecotypes, inferring whether
the origin of the ecotypes consisted of a single or repeated parallel events in a narrow geographical

area of two locations in Sweden.

4.3 MATERIAL AND METHODS

We developed an ABC method to model Pool-seq data explicitly under scenarios with two and four
populations. Importantly, in all demographic models, we include an explicit parameter representing
the error associated with the pooling process (e.g., unequal individual contribution) and a parameter
representing errors associated with sequencing (e.g., sequencing and/or mapping errors). Below,
we describe in detail the demographic models considered and the Pool-seq parameters in separate

sub-sections.
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4.3.1 ISOLATION WITH MIGRATION MODEL WITH TWO POPULA-
TIONS

We started by considering a two population isolation with migration model with eight parameters
(Figure 4.1A), assuming that an ancestral population of size N, s (considered the reference effective
size) splits 7j;, generations ago into two populations with constant effective population sizes N; and
N, and with constant migration rates mp, and my;. To account for the effects of linked selection due
to barrier loci (i.e., effect of selection against migrants at neutral markers that are possibly linked
to barriers against gene flow), we considered that a proportion of the genome P,, has no migration

(myp =my =0).

A B Time

T 'Tdiv

\ \

Figure 4.1: Demographic models for the isolation with migration scenario with two populations (A), single (B) and
parallel (C) ecotype formation. Dark shading indicates one of the ecotypes, light shading the other ecotype. Parameters
used were: N, s - effective size of the ancestral population, NA; and NA; - size of the two ancestral populations, N; -
Ny - sizes of the present-day populations, Ty;, - time of separation of the ecotype populations (in generations), T - time
of the recent split event (in generations), Ty, - time of the ancient split event (in generations), A, - time interval between
the two split events (in generations), m; - probability per generation that an individual migrates from N; to N, (forward
in time), which corresponds to the probability that lineages move from N, to Ny backwards in time, my; - probability
per generation that an individual migrates from N, to N; (forward in time), which corresponds to the probability that
lineages move from N, to N, backwards in time, m34 - probability per generation that an individual migrates from N3
to N4 (forward in time), which corresponds to the probability that lineages move from N4 to N3 backwards in time and
my3 - probability per generation that an individual migrates from N4 to N3 (forward in time), which corresponds to the
probability that lineages move from N3 to N4 backwards in time.

4.3.2 MODELS WITH FOUR POPULATIONS: SINGLE VS. PARALLEL
ECOTYPE FORMATION

To test the efficiency of our ABC method for distinguishing between different ecotype formation
scenarios, we considered two alternative models with four populations. The four extant populations

correspond to two ecotypes found at two different locations, i.e., two divergent ecotypes inhabiting
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each location. The four-population model has ten relevant demographic history parameters: the
population size of the four extant populations (N; - N4) and of the two ancestral populations (NA
and NA,), the time of the recent (75) and ancient (7yy) split events in generations, and the two
migration rates between the two populations (my = m34, my| = m43) inhabiting each location. To
estimate times of events, we considered as a parameter the time interval between the recent and
the ancient split (A; = Ty; — 7). Migration rates between divergent ecotypes were assumed to be
similar across the two geographic locations (e.g., m|y = m34 - but note that the scaled migration rate
4Nm can be different). A proportion of loci (B,,) was also assumed to have no migration between
different ecotypes. Depending on the topology, the four-population model can represent: (i) a single
origin scenario, where ecotypes are formed in different locations, before dispersing to colonize the
two geographic locations (Figure 4.1B); or (ii) a parallel origin scenario, where colonization of
each location is followed by independent and parallel divergence of the different ecotypes (Figure
4.1C). Note that for the four-population models we assumed no migration between populations in
different locations or between ancestral populations. Thus, the single origin model corresponds
to a scenario of divergence of ecotypes without gene flow (i.e., no migration between ancestral
populations), whereas in the parallel origin model the divergence of ecotypes occurs within each

location with gene flow.

4.3.3 COALESCENT SIMULATIONS OF INDIVIDUAL GENOTYPES

We used coalescent theory to simulate gene trees using scrm (Staab, Zhu, Metzler, & Lunter, 2015),
under combinations of parameters and models sampled from the priors. Mutations were assumed to
occur according to the infinite sites model, with a mutation rate u per site and per generation. For
each locus (i.e., window) in the genome we simulated gene trees with the same sample size, which
corresponds to the number of individuals in the pool. In the simulation study we simulated pools
of 100 diploid individuals (200 haplotypes) from each population. Thus, when simulating gene
trees we assumed the actual haplotypes of all individuals in the pool were known and the effect of
pooling was simulated at a later step (see next section). To simulate genotypes, we assumed that
individuals within each population were reproducing at random and hence haplotypes were paired

at random at each locus to obtain genotypes for each biallelic SNP.
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4.3.4 MODELLING POOL-SEQ DATA AND COMBINATION OF POOLS

To model allele frequencies at biallelic SNPs obtained with Pool-seq we follow a series of steps
(Figure 4.2). Table 4.1 summarizes the notations used. Sample allele frequencies can be computed
as the proportion of reads with a given allele. Thus, they are influenced by the depth of coverage
at each single nucleotide polymorphism (SNP), which can vary along the genome due to NGS-
associated stochasticity. To account for such variation, we considered that the number of reads
at a given site follows a negative binomial distribution (nBin), previously shown to fit empirical
distributions (e.g., Malaspinas et al. 2016). More precisely, we assumed that, for each SNP, the

number of reads C; for the j'" populations follows:

C; ~ nBin(s,y) 4.1)
where s and y are defined as:
_ mean(C;) 42)
var(Cj) '
32
mean(C) 43)

- var(Cj) —mean(C;)

where mean(C;) and var(C;) represent, respectively, the mean and variance of the depth of
coverage across all SNPs of the j/ population. Another source of error in pool-based experiments
is heterogeneity on the contribution of each individual to the DNA pool. PCR amplification step(s)
during library preparation (e.g., for RAD markers; Baird et al. 2008) can also increase hetero-
geneity. Moreover, when DNA extraction is performed for several pools of individuals that are
combined into a larger pool, uneven contributions between pools might also occur. To account for
these uneven individual and pool contributions we assume that, for each site, the number of reads
from each individual and each pool follows a multinomial-Dirichlet distribution. We model this
sequentially, first obtaining the number of reads for each pool, and then for each individual within

each pool.
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Table 4.1: Summary of main notations used. Note that when we refer to individuals throughout this table, we are
referring to diploid individuals.

Notation Parameter definition
C; Total number of reads of the j' population (total coverage)
K Total number of pools used to sequence the j* population
Vik Number of individuals in the k' pool of the j** population
Vj f Vik Total number of individuals of population j
E [pk]k:1 Expected value of the contribution of the k' pool
E[pr,] Expected value of the contribution of i individual of the k" pool
Pp Determines the variance of pools’ contribution around their expected value
pi Determines the variance of individuals’ contribution around their expected value
Dk Contribution (proportion) of reads from the k' pool ( § Dk = 1)

Contribution (proportion) of reads from the i*" individlfazllof
Pri the k' pool of population j <v2]‘;( Pki= 1)

i=

Number of reads from the k" pool (rk = vjik rk7,-) of population j (pool cov-
"k K K Vik -

erage). Note thatC; = ) re= Y Y ry;

k=1 k=1i=1

Tk Number of reads from the i individual of the k' pool of a given population
D; Number of derived allele reads of the i individual

Following Gautier et al. (2013), we explicitly model the unequal contributions of individuals

and pools by increasing the variance of the proportion of reads with two experimental error parame-

ters & and &, for individuals and pools, respectively. As detailed below, these parameters affect the

variance of the proportion of reads, as higher variances correspond to higher unequal contributions.

Specifically, the number of reads from the k' pool (r;) follows a multinomial distribution

re ~ mult(Cj, px) 4.4)

where py is the proportion of reads from that pool, which follows a Dirichlet distribution:

v.
e~ Dir (ppv#‘> (4.5)
J
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where V; i is the number of individuals in pool k of population j, v; is the number of individuals
of the j'* population, and pp is a parameter (assumed to be the same for all pools) that determines
the variance, and depends on the Pool-seq error of pools &. Following Gautier et al. (2013), we
consider that the variance is proportional to the error (&) and expected proportion of reads (E[py]).
We extended their approach to pools of different sizes, considering that the influence of the error
& in the variance is partitioned proportionally to the relative size of each pool, i.e., var(py) =
8,? (E[p])?. The larger the experimental Pool-seq error &, the larger the variance resulting in more

unequal contributions. We derived the corresponding p,:

(4.6)

o= “‘EU’kDE[Pk]”—%] _ [l]

2 7]
& &

where E[pi] = v;/Vv;. We assumed all pools have the same same p,, which implies that for
pools with unequal sizes the pool error & is defined in terms of the pool with a smaller number of
individuals (see details in Supplementary Information). This general result simplifies to the results
of Gautier et al. (2013) when each pool has a single individual (i.e., E[pi] = 1/v;, Supplementary
Information). We used a similar approach to model the individual contribution within each pool.
To account for the individual contribution we assumed that, for each site, the number of reads from

the i individual (r ;) of the k" pool follows a multinomial distribution:

rei~ mult(re, pr;) 4.7)

where ry is the number of reads of pool k, and p ; is the proportion of reads from individual i
in pool k, assumed to follow a Dirichlet distribution:

1

Pk~ Dir (Pi_) (4.8)
Vik

where p; reflects the pool-seq error due to unequal contribution of individuals. Following the

same approach as above, p; was obtained based on var(py ;) = €*(1/V;x)* (Supplementary Infor-

mation):

pi=
&

(1~ Elpr ) Elprd ™ — e?] _ lvk—_l—ez] “9)
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Note that if there was a single pool, then v;; = v; and r, = C;, and that the pool-seq error
& was assumed equal for all individuals. We derived these results of equations 4.6 to 4.9 in the
Supplementary Information, as well as further details on the expected values and variances (Figure
A4.1). In sum, this model ensures all individuals are expected to contribute the same number
of reads, with errors due to unequal contribution modelled through the dispersion parameters p;
and p;. When the experimental error rate tends to zero, the dispersion parameter tends to infinity,
resulting in no pooling error as all individuals contribute exactly the same expected number of reads
(Gautier et al., 2013). Finally, to account for sequencing and mapping errors, we assumed that, with
an error rate &, ancestral allele A will be incorrectly called a derived allele D or vice-versa. More
precisely, given the genotype and the total number of reads of the /" individual at a given site, we

assumed that the number of reads D; with the derived allele follows a binomial distribution:

Bin(ry i, €eq) if individual is AA (homozygous ancestral)
Dj~ ¢ Bin(r,1 —&w,) if individual is DD (homozygous derived) (4.10)
Bin(r;,0.5) if individual is AD (heterozygote)

where ry ; represents the total number of reads contributed by a particular individual at a given
site and &, is the combined effect of both the sequencing and mapping errors. We assumed there
are only two alleles at each site and that each base has an equal probability of being miscalled.
Hence for heterozygotes each allele originates from either the ancestral or derived allele with equal
probability (Li et al., 2012).

4.3.5 ABCIMPLEMENTATION USING SUBSETS OF LOCI

To avoid the computational burden of simulating whole genomes, we simulated sets of L indepen-
dent loci with 2000 sites. We assumed that loci were independent, i.e., with free recombination
between all pairs of loci (r, = 0.5), and that within each locus of 2000 sites there was no recom-
bination (r,, = 0.0). Our ABC implementation, based on a rejection algorithm, involved several
steps: (1) sample demographic and pool-seq parameters from prior distributions (Table 4.2); (ii)
simulate genotypes for each individual at L loci using coalescent gene trees based on demographic
history parameters; (iii) simulate the number of reads and pooling of individuals for each biallelic
SNP, applying filters (e.g., depth of coverage and minor allele frequency); (iv) compute summary

statistics for observed and simulated data; (v) calculate Euclidean distance between observed and
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Figure 4.2: Schematics of the steps needed to simulated Pool-seq data. Dark colored boxes denote steps related with
probabilities of contribution and circles represent necessary inputs for the corresponding step. Important formulas for

each step are included inside the relevant box.

simulated summary statistics, standardizing to ensure that all summary statistics have the same
mean and variance; (vi) reject parameters with distances above a tolerance threshold; (vii) apply
a post-processing regression to adjust accepted parameter values (Beaumont, Zhang, & Balding,
2002). To simulate coalescent gene trees, we assumed all loci within a subset share the same de-

mographic history, but set migration rate to zero at a proportion of loci P, to account for selection
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effects due to barrier loci. For each resulting SNP, pool-seq data were simulated (Figure 4.2) by
sampling depth of coverage from a negative binomial (equation 4.1) based on the observed mean
and variance of the coverage of each population. To mimic common filter steps, we discarded SNPs
with a depth of coverage outside a given range. For instance, for the L. saxatilis data, we kept only
sites with a depth of coverage between 50x and 150x (see below). We then simulated each pool’s
contribution (equations 4.4 and 4.5) to the total coverage of a population and each individual’s
contribution to their pool’s coverage (equations 4.7 and 4.8) by randomly sampling values from
their respective distributions. Finally, we randomly drew the number of reads from the derived and
ancestral alleles for each individual (equation 4.10), and then applied a filter to discard SNPs with
fewer than two minor-allele reads. Note that we did not consider sequencing errors at invariant
sites, as Pool-seq data were only simulated for polymorphic sites, and any such errors would likely
be removed by the minor-allele frequency filter. However, the frequency of sequencing errors at
invariant sites increases with increasing coverage and a higher minor-allele count threshold might

be required when working with high coverage data (Figure A4.2).

Table 4.2: Prior distributions and their ranges for each parameter. Parameters are presented for the four-population
models and, when relevant, for the two-population model. n; - relative sizes of the extant populations (n1,n2,n3,n4);
na; - relative sizes of the ancestral populations (na;,nas); t4;, - relative time of the split event in the two-population
model, ¢, - relative time of the recent split event; & - relative time interval between f; and the ancient split event (f4y);
€pool - €xperimental error introduced by the pooling procedures; &, - error associated with sequencing and mapping
errors; m;; - probability per generation that an individual migrates from the N; or N3 (Crab) population to the N or
N4 (Wave) population (forward in time), m ; - probability per generation that an individual migrates from the N, or Ny
(Wave) population to the Nj or N3 (Crab) population (forward in time) and P, - proportion of the simulated loci where
no migration occurs between ecotypes.

Two-population model Four-population models
parameter distribution = minimum maximum minimum maximum
n; log-uniform 0.1 3 0.1 3
na; log-uniform - - 0.1 3
taiv uniform 0 3 - -
ts uniform - - 0 3
O uniform - - 0 3
Epool uniform 5 250 5 250
Eseq uniform 0.0001 0.001 0.0001 0.001
mi uniform 10713 1073 10713 1073
mji uniform 10713 1073 10713 1073
P beta 0 0.5 0 0.5

For each model, at least 5 x 10° simulations of L = 300 loci with » = 2000 base pairs were
conducted. To reduce computational burden, parameter and summary statistic tables were saved

and reused to analyze different subsets of loci from the observed data. To obtain posterior dis-
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tributions, we combined 1000 subsets of L = 300 loci randomly selected from the observed data.
Each subset was processed through steps (v) to (vii) of the ABC algorithm, resulting in a sample
of independent points from the posterior of each parameter or model. We combined the indepen-
dent posterior samples from the 1000 subsets of loci, taking into account the distance between the
mean summary statistics of each subset and the overall mean across all loci in the genome. This
was done using the Epanechnikov kernel, which assigns more weight to subsets of loci with means
closer to the overall mean (Figure A4.3). Since demographic history is expected to affect all loci
similarly across the genome, this approach aimed to minimize the impact of outlier subsets of loci
on the posterior estimates. All steps were performed using custom-made functions and scripts in
R, adapted from Beaumont et al. (2002).

4.3.6 RELATIVE SUMMARY STATISTICS AND SCALED PARAMETERS

We selected a set of statistics (Table A4.1) to summarize the patterns of relative diversity and dif-
ferentiation within and among populations (Fraisse et al., 2021; Jay et al., 2019), computed only for
polymorphic sites across all populations. Namely, we considered: (i) expected heterozygosity per
population and between all pairs of populations (Nei & Roychoudhury, 1974); (ii) pairwise Fs7 be-
tween all pairs of populations (Bhatia, Patterson, Sankararaman, & Price, 2013); (iii) proportion of
SNPs with fixed differences between populations (Fraisse et al., 2021); (iv) proportion of exclusive
SNPs within each population (Fraisse et al., 2021); and for the four population models (v) sev-
eral D-statistics with different combinations of P1, P2 and P3 populations (adapted from Malinsky,
Matschiner, and Svardal (2021)). To capture the distribution across loci, we considered the mean
and standard deviation of the above statistics. For Fgy, we further considered the 5% and the 95%
quantiles because these should capture the effect of barriers to gene flow. In sum, we considered
13 summary statistics for the two-population model and 57 for the four-population models (Table
A4.1).

Importantly, all these summary statistics are relative measures of diversity and differentiation
that depend on relative branch lengths of coalescent trees (e.g., Fs7). Hence, we increased the effi-
ciency of simulations by inferring relative demographic parameters scaled by the ancestral effective
population size N,.r. We estimated relative effective sizes (e.g., ny = Nj /Nye ), relative times of
divergence (e.g., Os = Ay /4N, ), and scaled migration rates (e.g., 4Nymjy;). To clarify, note that all
relative parameters are represented with a lower case (e.g., ny), while the absolute parameters are
indicated with upper case letters (e.g., N1) and that scaled migration rates specify which population
1s receiving immigrants by the subscript next to N. Estimation of relative parameters was done by

performing coalescent simulations, fixing the ancestral effective population size to N,y = 25000
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and the mutation rate to u = 1.5 x 10~% per site, as previously used for L. saxatilis (Butlin et al.,
2014). To obtain absolute parameter estimates, we re-scaled parameters based on a re-scaling factor
f = obs[S]/E[S] that depends on the observed number of SNPs (0bs|S]), and on the expected num-
ber of SNPs according to parameter estimates of a given model (E[S]). Assuming the infinite sites
mutation model, the expected number of segregating sites was calculated based on the expected
total branch length (E[T']), mutation rate per site (i) and number of sites (L) as E[S] = E[T|uL
(Hudson, 1990). To obtain E|[T'| we simulated 100,000 gene trees according to parameter estimates
of a given model. The absolute effective population sizes and times of events in generations were

obtained by multiplying by the rescaling factor f, i.e., N, = f X n, and Ty = f X t,, respectively.

4.3.7 SIMULATION STUDY

For the two-population model, estimates were based on 10° simulations, whereas for the four-
population scenarios they were based on 5 x 10° simulations for each scenario of ecotype formation.
For each simulation, we generated 300 independent loci with 2000 base pairs, sampling 100 diploid
individuals from each population. For each population, Pool-seq data were simulated assuming 20
pools, each with 5 individuals (i.e., Vj; = 5). Parameter values were sampled from uniform or
log-uniform prior distributions summarized in Table 4.2. The exception was the proportion without
migration (P,,), which was sampled from a Beta distribution reflecting a low proportion of loci
without migration a priori. For P,, we truncated the distribution, replacing values below 0.01 and
above 0.50 by 0.00 and 0.50, respectively (Table 4.2). For the sequencing error, ranges for the prior
distribution were based on error rate reports of the technology used (Illumina HiSeq2500; Stoler
and Nekrutenko 2021), as well as previous filtering steps (see “Littorina saxatilis Pool-seq data”

section below).

To evaluate the accuracy of our ABC implementation for Pool-Seq data to estimate parameters
and model choice, we performed a leave-one-out cross-validation (Csilléry, Francois, & Blum,
2012). Hereafter, we use the term accuracy to indicate how close (or far off) a particular point
estimate is to the true parameter value. Briefly, a random simulation was picked, and its summary
statistics were used as pseudo-observed data. The remaining simulations were used to infer the
parameters of the selected simulation. The ABC estimation was repeated for n pseudo-observed

datasets.
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The prediction error was computed as:

e 1 XLi(6-0y)
pred = var(®)

4.11)

where ©; is the true parameter value of the i’ pseudo-observed dataset, ©; is the estimated
parameter value, and var(®) is the variance of the true parameter values. For parameter inference,
we assessed the prediction error with n = 5000, considering three different point estimates (mode,
median and mean of the posterior distribution), at two tolerance values (0.005 or 0.01). For com-
parison, we computed prediction errors using the mean of the prior distribution as point estimates.
For evaluating the model choice we used n = 1000 pseudo-observed datasets. To define the model
estimated for each pseudo-observed dataset, we considered two posterior probability thresholds: (i)
0.5, assigning a dataset to the model with posterior probability larger than 0.5; (ii) 0.9, a more strin-
gent criterion assigning a dataset to a model only if the posterior was larger than 0.9, classifying it

as unclear” otherwise.

4.3.8 EFFECT OF EXPLICITLY MODELING POOL-SEQ ERRORS

By assuming that the proportion of reads with a given allele corresponds to the allele frequencies,
it is possible to analyse Pool-seq data with existing model-based methods, e.g., fastsimcoal2 (Ex-
coffier et al., 2021) and DIYABC random forest (DIYABC-RF) (Collin et al., 2021). Yet, ignoring
Pool-seq associated errors due to unequal individual contribution might result in biased demo-
graphic estimates. To assess whether this is the case, and whether accounting for Pool-seq errors
improves inference of demographic parameters, we compared estimates obtained either ignoring or
explicitly modelling Pool-seq errors. We simulated a pseudo-observed Pool-seq dataset (i.e., with
variable depth of coverage at each site and unequal individual contribution) according to the param-
eter estimates obtained for L. saxatilis with the two population model. We performed parameter
inference using the regression adjustment with priors defined in Table 4.2 using L = 100 loci, 500k
simulations and a tolerance of 0.01, either: (i) ignoring Pool-Seq errors by computing summary
statistics directly from the simulated haplotypes; (ii) explicitly accounting for depth of coverage
variation, unequal individual contribution and sequencing errors by computing summary statistics

after simulating Pool-seq data as described above.
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4.3.9 EFFECT OF NUMBER OF LOCI

To increase computational efficiency we simulate multiple subsets of L = 300 loci, rather than
entire genomes. To assess the impact of varying the number of loci in a single subset (i.e., varying
L), we conducted 100k simulations with 10, 30, 100 or 300 simulated loci per subset using the two
population isolation with migration model and the priors defined in Table 4.2. We then performed
a leave-one-out cross-validation, without combining multiple subsets of loci, as described above.
We computed the prediction error using the mean of the regression-adjusted posterior as a point
estimate for n = 5000 pseudo-observed datasets, with a tolerance of 0.01. To obtain the 95%
confidence interval of the prediction error, we used a non-parametric bootstrap approach resampling

10k times the n = 5000 point estimates and re-calculating the prediction error.

4.3.10 EFFECT OF COMBINING MULTIPLE SUBSETS OF LOCI TO
OBTAIN POSTERIORS

Our method relies on combining posteriors obtained from multiple subsets of loci, giving more
weight to subsets of loci with summary statistics closer to the mean whole-genome values. To
evaluate the impact of this strategy we compared estimates obtained with the whole-genome with
estimates obtained by merging the posteriors of random subsets of loci, varying the proportion of
the genome sampled (10%, 30%, or 50% of the genome). To reduce the computational burden,
we assumed that the whole-genome consisted of 100 loci. Using the two-population isolation with
migration model, we generated 100 pseudo-observed whole-genomes according to the parameter
estimates of L. saxatilis. Using the same model and the priors defined in Table 4.2, we conducted
100k simulations with 10, 30, or 50 loci per subset. Then, for each whole-genome, we sampled
with replacement 100 subsets corresponding to either 10%, 30%, or 50% of the genome (i.e., 10,
30 or 50 loci). Note that this means that the same locus can appear in multiple subsets, as the goal
was to evaluate the impact of combining posterior probabilities obtained from various subsets of

loci, even if certain loci may appear in multiple subsets.

We performed parameter inference by merging the posteriors of the 100 subsets and using the
regression adjustment with a tolerance of 0.01. These estimates were compared to the approach
of Boitard et al. (2016), by using summary statistics computed from the whole-genome as a target
to perform parameter inference, but using for inference summary statistics computed from a pro-
portion of the genome, either with 10, 30 or 50 loci. We computed the bias of the estimates using

% 'Z(éi — ©;), where @i is the estimated mean posterior with subsets of loci, and ®; is the mean
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posterior with 100 loci (mimicking the whole genome) for the i’ pseudo-observed dataset, while

n = 100 is the number of simulated pseudo-observed datasets.

4.3.11 IMPACT OF IGNORING WITHIN-LOCUS RECOMBINATION

Our models assume free recombination between loci (7, = 0.5) but no recombination within loci
(ry, = 0.0). We evaluated the effect of this assumption on parameter estimates by comparing the
posteriors obtained for pseudo-observed datasets with within-locus recombination to those obtained
for datasets simulated without recombination to assess if ignoring within-locus recombination leads
to changes in posteriors and thus impacts our estimates. This was done by simulating 100 pseudo-
observed datasets according to the estimates obtained for L. saxatilis. Each dataset contained 100
loci with within-locus recombination rate equal to the mutation rate (r,, = @). We then estimated
the parameters using the regression adjustment with 500k simulations and a tolerance of 0.01, under

our assumption of no within-locus recombination.

4.3.12 LITTORINA SAXATILIS POOL-SEQ DATA

We illustrate the application of our ABC implementation to previously published Pool-seq data
(Morales et al., 2018) from L. saxatilis populations sampled at two different sites in Sweden (Ar-
sklovet and Ramsd6). At each of those sites, 100 females of the Crab and another 100 females of the
Wave ecotype were sequenced in two separate pools (Morales et al., 2019). DNA extraction was
performed for batches of five individuals by combining pieces of foot muscle tissue from five snails
in one tube. Reads were trimmed with Trimmomatic v.0.36 (Bolger, Lohse, & Usadel, 2014) and
mapped against the L. saxatilis reference genome, produced from a single Crab ecotype individual
(Westram et al., 2018), using CLC v5.0.3 (www.qiagenbioinformatics.com). Only those reads
with a mapping score higher than Q20 were retained. Bam files were processed with SAMtools
v1.3.1 (Danecek et al., 2021), BEDtools v2.25.0 (Quinlan & Hall, 2010), and Picard tools v2.7.1
(http://broadinstitute.github.io/picard) and, for each set of bam files, reads with base
quality lower than 30, mapping quality lower than 20 and those that mapped to very short contigs
(<500 bp) were filtered out. We removed sites with a coverage lower than 50x or higher than
150x, ensuring we discarded low-coverage sites that would not contain reads for most individuals
(<50x) and sites at putative repetitive or duplicated regions leading to unusually high depth of cov-
erage (>150x). We also removed sites with fewer than two minor-allele reads observed across all

populations.
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Recent studies have uncovered an important role of chromosomal inversions in the adaptive
divergence of L. saxatilis ecotypes (Faria et al., 2019; Koch et al., 2021; Morales et al., 2019).
Each inversion likely has its unique evolutionary history that may be influenced by various demo-
graphic and selective processes, such as divergent and balancing selection, and may differ from
the population history. Therefore, to avoid biased estimates, inversion-tailored inference methods
would be required, accounting for specific features such as varying recombination rates between
homozygotes and heterozygotes. Since our aim was to infer the demographic history, an approach
tailored to inversions is outside the scope of this study. Thus, we took a conservative approach
removing regions that could be associated or linked with the reported inversions (Westram, Faria,
Johannesson, & Butlin, 2021) (list of kept and removed contigs in Supplementary File S2). As
breakpoints are not yet defined for many inversions, we removed 3671 contigs within inversions
or in buffer regions. This corresponds to 3.3% of the whole genome Pool-seq dataset, distributed
across the genome but with approximately 1/3 of the removed contigs located in chromosomes 10
and 12. To maximize the number of SNPs we kept all the remaining contigs, although only 20% of

them map to known collinear regions (Westram et al., 2018).

We estimated parameters of the two-population model for the two ecotypes from Arsklovet
using the prior distributions and 10 simulations used for the simulation study. Similarly, we
performed model choice and estimated parameters for the four-population models using 5 x 103
simulations, estimating parameters for the model with the highest posterior probability. Keeping
in line with our strategy of using subsets of loci, we considered each contig in the L. saxatilis
dataset as an independent locus. We obtained posteriors by merging 1000 subsets of 300 loci (i.e.
L = 300), which were randomly selected. For each subset, we implemented a random selection
process (without replacement) to choose 300 contigs. Subsequently, from each of these selected
contigs, we further randomly selected a window of b = 2000 base pairs. Summary statistics were
then computed for each subset based on the 300 loci (i.e., the 300 selected windows). Although
the number of contigs in the genome was large (54,201), contigs were re-used in different subsets.
However, even in such cases, it is highly probable that a different window of 2000 base pairs would
be chosen, resulting in a unique combination of loci. To estimate parameters we computed the mean
posterior (point estimate) and 95% credible intervals based on the weighted quantiles. Since this
dataset only contained SNPs, remaining sites could be monomorphic or missing data. To re-scale
the parameters, we calculated the number of SNPs per window assuming that the remaining sites
were monomorphic. We converted time of events in generations to years, assuming a generation
time of 0.5 years (Butlin et al., 2014).
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4.4 RESULTS

4.4.1 PERFORMANCE OF ABC POINT ESTIMATES

To evaluate the performance of our ABC implementation we performed a simulation study, summa-
rizing the posterior distributions with three point estimates (mean, median and mode). When using
L = 300 loci, prediction errors were lower using the mean or median with the regression-based
adjustment for all the parameters (Tables A4.2, A4.3 and A4.4). As expected, with the regression,
tolerance had a negligible effect in the prediction error. Additionally, prediction errors decreased
with increasing number of simulated loci in the subsets, despite a clear trend of diminishing returns
with more than L = 100 loci (Figure A4.4). Thus, unless specified, hereafter we summarize results
obtained with subsets of L = 300 loci, using the regression-based adjustment and the mean as a

point estimate, with a tolerance of 0.01.

Although the set of summary statistics was different for the two and four-population models,
the prediction errors were similar for most parameters (Figures A4.5 and A4.6). For the relative
effective sizes of extant populations (Figure 4.1), prediction errors ranged from 0.110 to 0.119 for
the two-population model (Table 4.3, panel A in Figure 4.3), from 0.111 to 0.127 for the single
origin (Figure 4.3B), and from 0.121 to 0.140 for the parallel origin (Table 4.3), indicating that
the mean of posteriors provide accurate point estimates. For the sizes of ancestral populations in
the four-population models (absolute values indicated by NA; and NA; in Figure 4.1), prediction
errors were higher in the single origin than in the parallel origin (Table 4.3). For both models,
the relative sizes of ancestral populations, na; and na,, attained the highest prediction errors across
all parameters, ranging from 0.530 to 0.616, indicating that point estimates are less accurate for
ancestral effective sizes. Nevertheless, since prediction errors are smaller than the ones obtained
when using the mean of the prior (close to 1), the shape of the posterior indicates that the summary
statistics provide information about such parameters. For the relative timing of the split events,
prediction errors were higher in the two-population model (0.34, Table 4.3, Figure 4.3D), than in
the four-population models (ranging from 0.036 to 0.182). For the relative time of recent split (z;),
prediction errors were lower in the single origin model (0.036) than in the parallel model (0.172,
Table 4.3), whereas for the relative time interval between split events (J;), prediction errors were
similar for both models (0.182 for single, 0.179 for parallel) (Figure 4.3C-F and Figure A4.6B-C
and H-I).
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Table 4.3: Prediction errors for parameter estimation. Prediction errors were computed using the mean of the pos-
terior distribution, obtained after the regression adjustment and a tolerance of 0.01. Prior mean indicates the prediction
error if the mean of the prior distribution were used as point estimates. 71 to nq - relative population sizes of the extant
populations; na; and na, - relative population sizes of the ancestral populations; 74, - relative time of the split event
in the two-population model; 7, - relative time of the split event that lead to the origin of the current populations; J; -
relative time interval between #; and the ancient split event (¢45); €00 - €Xperimental error introduced by the pooling
procedures; &, - error associated with sequencing and mapping errors; n112,m34 - probability per generation that an
individual migrates from the N; or N3 (Crab) population to the N, or Ny (Wave) population (forward in time), my,m43
- probability per generation that an individual migrates from the N, or Ny (Wave) population to the N; or N3 (Crab)
population (forward in time); 4Npm1y and 4Nymy; - average number of immigrants per generation (4Nm) from N; to
N, and from N, to N; (respectively) at the first site; 4Nqm34 and 4N3my3 - equivalent immigration rates at the second
site and P,, - proportion of the simulated loci where no migration occurs between ecotypes.

parameter prior mean two-population single origin parallel origin
ni 0.997 0.119 0.111 0.128
ny 0.998 0.110 0.113 0.121
n3 0.997 - 0.121 0.140
ny 0.999 - 0.127 0.129
nay 0.998 - 0.596 0.530
nay 1.000 - 0.616 0.549
Ly 1.000 0.342 - -

ts 1.000 - 0.036 0.172
Os 1.001 - 0.182 0.179
€Epool 1.000 0.242 0.243 0.241
Eseq 1.001 0.592 0.062 0.042
mia, m34 1.000 0.401 0.396 0.448
ma1,mq3 1.001 0.448 0.399 0.439
4Nrmyy 0.999 0.284 0.325 0.311
4N1my 0.998 0.293 0.287 0.329
4Nym34 0.996 - 0.298 0.319
4N3my3 1.000 - 0.298 0.340
P 1.000 0.072 0.041 0.124

Regarding the migration rates, although we specified prior immigration rates m;; (probability
that a lineage migrates from population i to j forward in time per generation), we focus on the aver-
age number of immigrants per generation (4N;m;;, where N; is the effective size of the population
receiving immigrants) as it accounts for both migration (proportional to m;;) and drift (proportional
to N;), with 4N;m;; > 1 indicating that migration occurs at a higher rate than drift. Prediction errors
for 4N;m;; were similar for the two and four-population models, ranging from 0.284 to 0.340 (Ta-
ble 4.3), although slightly higher in the parallel origin model. Across all models, the accuracy of
the mean of the posterior decreased when the immigration used in simulations was too high, with
poorer estimates when true 4N ;m;; >> 10. Overall, prediction errors for 4N;m;; were higher than

for times of split and extant effective sizes, indicating that it is harder to accurately infer migration.
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The proportion of loci without migration (P,,) was accurately estimated, as supported by the very

low prediction errors for the two and four-population models (Table 4.3).
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Figure 4.3: Results of the cross-validation for parameter estimation. The y-axis displays the estimated values, plotted
against the true parameter values on the x-axis. Estimates correspond to the mean of the posterior obtained with a
tolerance rate of 0.01. Parameters shown here are: A - relative size of a present-day population (n;) of the two-
population model; B - relative size of a present-day population (1) of the single origin model; C - time interval
between the two split events (J;); D to F - time of the split event (¢4;,) for the two-population model and time of
the recent split (¢;) for the single origin model and the parallel origin model (respectively); G - average number of
immigrants per generation in logjo scale (4Nm); H - proportion of the genome without migration between different
populations (P,,) and I - pooling error.

Ignoring pooling and sequencing errors resulted in biased estimates for most demographic pa-
rameters (Figure 4.4 and Table A4.5), when pseudo-observed Pool-seq data were analysed without

modelling explicitly the joint effect of variation in depth of coverage, unequal individual contri-
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bution and sequencing errors. Importantly, this is ignored by current demographic inference ap-
proaches (e.g., DIYABC-RF or fastsimcoal2). In contrast, our ABC approach based on explicitly

modelling these sources of Pool-seq error provides accurate estimates (Figure 4.4).
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Figure 4.4: Impact of ignoring Pool-seq errors on demographic parameter estimates. Posterior obtained for a pseudo-
observed Pool-seq dataset using either our ABC approach that explicitly accounts for Pool-seq errors (blue), or ignoring
Pool-seq errors by using directly simulated allele frequencies (red). The parameters shown here are: A - relative size
of a present-day population (n1), B - relative time of separation of the ecotype populations (#4;,), C - average number
of immigrants per generation (4Nmi;) and D - proportion of the genome without migration (P,,). The black line
represents the true parameter value used to simulate the pseudo-observed dataset with L = 100 loci.
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Although our aim was to demonstrate the implementation of an ABC method to perform pa-
rameter inference and model selection while explicitly modelling Pool-Seq data, treating pooling
and sequencing errors as nuisance parameters, we report the prediction error for those parameters.
The accuracy of the inference of the pooling error was similar to that of other parameters, with
errors ranging from 0.241 to 0.243 (Table 4.3). This parameter was reasonably well estimated
by the posterior mean when simulations were done with pooling errors above 150% (Figure 4.31
and Figures A4.5F and A4.6F-L). For the sequencing error, prediction error was higher for the two
population (0.592) than for the four population models (0.042 - 0.062, Table 4.3), probably because

there is more information in models with more individuals.

4.4.2 PERFORMANCE OF MODEL CHOICE

Results of the simulation study indicate that our ABC implementation allows a distinction between
the single and parallel origin scenarios considered. Out of the 1,000 pseudo-observed datasets
analysed under each model, using a 50% posterior probability threshold, the model was correctly
inferred for 975 datasets of parallel origin (mean posterior probability of 0.952), and for 937 of
single origin (mean posterior probability of 0.927, Figure 4.5A). When the model with the highest
posterior was incorrect, its posterior probability was substantially lower (0.703 when parallel was
inferred as single, and 0.755 when single was inferred as parallel). Using a more stringent threshold
of 90% posterior probability, ABC still allowed to disentangle the two scenarios. The number of
pseudo-observed datasets for which the model was correctly inferred was 877 for the parallel origin
(one incorrectly assigned to the single model and 122 classified as unclear), and 854 for the single

origin (12 incorrectly assigned to parallel and 134 classified as unclear (Figure 4.5B).

4.4.3 APPLICATION TO L. SAXATILIS DATASET: EFFECT OF
MERGING SUBSETS OF LOCI AND RECOMBINATION

For simplicity, we discuss results after re-scaling relative parameters to absolute effective sizes and
time of events in years, using k to indicate thousands (Table 4.4 but see Table A4.6 for the relative
estimates). Re-scaling was performed after combining the posterior distributions from multiple
subsets of loci, giving more weight to subsets of loci with mean summary statistics closer to the

mean over the whole genome.
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Figure 4.5: Model misclassification for the four-population models. Confusion matrix assuming that a simulation is
assigned to a given model when the posterior probability is above 0.5 (A) or assuming that a simulation is only assigned
to a model when the posterior probability is above 0.9 (B).

By comparing posteriors obtained by merging subsets with varying numbers of loci, we found
that using subsets of loci led to posteriors similar to those obtained with the whole genome (i.e.
100 simulated loci), but with a wider variance, i.e., higher uncertainty. Yet, even with subsets
representing only 10% of the genome, posteriors were similar to those obtained using all loci,
becoming closer as the number of loci in subsets increases (Figure 4.6, Table A4.7). Additionally,
for all parameters, the bias obtained when merging posteriors is similar to, or lower than the bias
obtained using the summary statistics from all SNPs to estimate parameters simulating just a subset
of loci (as proposed by Boitard et al. (2016), Table A4.7).

Estimates based on the two-population model with Crab and Wave populations from Arsklovet
indicate (Figure 4.7 and Figure A4.7): (1) a slightly larger effective size for Crab (mean ~18k,
95% CI: 12k - 33k) than Wave (mean ~15k, 95% CI: 10K - 28k) which, despite the large overlap
of the ClIs, is in line with previous studies using individual genotypes (a combination of mtDNA,
amplified fragment length polymorphism markers and three nuclear genes) (Butlin et al., 2014);
(11) a split between Crab and Wave ecotype populations ~18k years ago, but with a wide credible
interval (95% CI: 2.2k - 111k); and that (iii) divergence was accompanied by gene flow, with
higher immigration from the Crab into Wave ecotype, which is in agreement with reported cline
shifts in these populations (Westram et al., 2021). Analysis of pseudo-observed datasets simulated

under this scenario suggests that estimates are unlikely to be significantly biased by assuming no
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within-locus recombination (r,, = 0) since we obtained identical posterior distributions for pseudo-
observed datasets simulated without (r,, = 0) or with a within-locus recombination rate equal to the

mutation rate (r,, = U, Figure A4.8).

Table 4.4: Absolute parameter estimates for Littorina saxatilis populations. Results are shown for the Arsklovet
population for the two-population model and for Arsklovet and Ramsd for the single origin model. For this model N;
and N, correspond, respectively, to the absolute size of the Arsklovet Crab and Wave populations, while N3 and Ny
correspond to the absolute size of the Ramso Crab and Wave populations, respectively. For each parameter, the value
outside brackets corresponds to the re-scaled mean of the posterior distribution and in-between brackets is the 95%
credible interval. Ty;,, Ty and Ay are presented in years. Parameters indicated here are the same as in table 4.3, except
for P,,, which is converted to the percentage of the genome where no migration occurs between ecotypes.

parameter two-population single origin

N 18489 (12106 - 32956) 10336 (4617 - 34148)
N, 15793 (10167 - 27613) 5486 (2936 - 18424)
N3 - 12648 (5488 - 35603)
Ny - 15309 (6245 - 41201)
NA, - 40854 (8516 - 53242)
NA; - 21118 (3866 - 47367)
Tyiv 18211 (2210 - 111264) -

15 - 521 (316 - 818)
Ay - 14308 (4790 - 42954)
4Nom1o 22.8 (5.9 -60.8) 30.6 (10.3 - 105.1)
4N1my; 16.3 (2.3 - 52.6) 32.1(10.1 - 108.0)
4Nsm34 - 343 (11.0-117.2)
4N3m43 - 19.9 (6.3 - 71.4)
P 1.2 (0.1-6.6) 1.3(0.2-5.4)

Our analysis of Crab and Wave ecotypes from two locations in Sweden (Arsklovet and Ramso)
supports the single origin model with strong posterior probabilities of 0.967 using the rejection
algorithm and 1.000 using logistic regression. Our parameter estimates under the single origin
model (Table 4.4 and Figure A4.9) suggest that the two ecotypes diverged approximately 15,000
years ago (95% CI: 5000 to 43000 years), followed by a recent colonization of both locations
by populations from both ecotypes about ~500 years ago (95% CI: 300 to 800 years). Under
the single origin model, we estimated high and similar immigration rates between ecotypes in
Arsklovet and lower migration from Wave into Crab in Ramsé (Figure 4.7H,I and Table A4.6).
The point estimates supported larger ancestral effective sizes for the Crab population (mean 40k,
95% CI: 9K - 53k) than the Wave population (mean 21k, 95% CI: 4K - 48k), but the posteriors were
wide and overlapping, indicating high uncertainty (Figure 4.7C). Nevertheless, the joint posteriors

of present-day and ancestral populations indicate a population decline for the Crab ecotype in both
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locations, and for the Wave ecotype at Arsklovet. Finally, we inferred a proportion of loci without
migration P,, close to zero, with a mean of approximately 1% and an upper CI close to 6% (Table
A4.6).
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Figure 4.6: Impact of merging posteriors. We generated a pseudo-observed dataset of 100 loci and inferred parameters
using the full dataset or subsets representing 10%, 30%, or 50% of the genome. The x-axis shows the estimated
parameter value, and the y-axis shows the density of the posterior distribution obtained with the full dataset and the
weighted combination of posteriors from the subsets. The solid vertical line represents the true parameter value.
Parameters shown are: A - relative size of a present-day population (n1), B - relative time of separation of the ecotype
populations (#4;,), C - average number of immigrants per generation (4Nm;) and D - proportion of the genome without
migration (P,,).

4.5 DISCUSSION

We developed a model-based method to analyse pooled-sequencing data, explicitly modeling vari-

ous sources of error (e.g., variation in depth of coverage, unequal individual contribution, merging
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multiple pools) by extending the framework of Gautier et al. (2013) into an ABC inference frame-
work. We implemented this into a freely available R package, allowing users to perform model
choice and parameter inference of demographic history based on Pool-seq data from natural pop-
ulations. Our approach is based on simulating subsets of loci, estimating relative parameters and
using relative summary statistics. These included summary statistics that are widely used in ABC,
such as the mean and standard deviation of expected heterozygosity per population and between
all pairs of populations (Jay et al., 2019), relative genetic differentiation between population pairs
(Fst), and others that capture parts of the joint site frequency spectrum (Wakeley & Hey, 1997),
such as the proportion of SNPs with fixed difference between populations (Fraisse et al., 2021).

To increase computational efficiency we fixed the ancestral effective population size (Ny.r)
and inferred relative demographic parameters, which were converted to absolute values based on
an average mutation rate and number of observed SNPs. This circumvented the simulation of
combinations of parameters leading to similar diversity and differentiation values, e.g., identical
0 = 4N, and hence identical summary statistics due to low N, with high p or high N, with
low 1. Moreover, by combining multiple posterior distributions, obtained from different subsets of
independent loci, and weighting them according to the distance to the genome-wide mean summary
statistics, we minimized the impact of non-neutral processes (e.g., background selection) in the

inference of demographic history.

Our simulation study shows that, for the datasets analysed here, the means of the posterior
distributions provide accurate point estimates for most demographic history parameters of the two-
and four-population models. In fact, the prediction errors for most parameters were similar for both
models (Table 4.3), with the exception of migration rates, for which we found higher prediction
errors for the parallel origin model (Table 4.3). This can be explained by the recent divergence of
ecotypes with gene flow in each location, implying that it is harder to disentangle gene flow from
incomplete lineage sorting under the parallel origin model. Importantly, our prediction errors based
on Pool-seq were within the range of those of recent ABC methods based on individual genotypes
(Fraisse et al., 2021). Although the aim was to infer demographic history accounting for the effects
of barrier loci, results indicate that the proportion of loci without migration (P,,) was well estimated
in the two- and four-population models, suggesting it is possible to estimate the number of barrier

loci under selection.

Additionally, and despite concerns about model choice and estimation of Bayes factors with
ABC (Marin, Pillai, Robert, & Rousseau, 2014; Robert, Cornuet, Marin, & Pillai, 2011), our model
choice results indicate that Pool-seq provides enough information to distinguish between scenarios

of ecotype formation with high posterior probabilities (proportion of correctly assigned simulations
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with 90% posterior probability above 0.85 for both models, Figure 4.5). This is explained by the
fact that the single and parallel origin models considered have different mean values for several
summary statistics (Figure A4.10), which is required to distinguish models in an ABC framework
(Marin et al., 2014), and was expected given that gene flow occurs between populations with dif-

ferent shared ancestries in the alternative models (Figure 4.1).

Importantly, our R package includes functions to compute prediction errors, allowing users to
perform simulation studies based on their specific set of models, prior distributions, sample sizes,
depths of coverage and numbers of pools. Thus, users can evaluate the accuracy of ABC results for
their specific datasets and models. Also, the R package includes functions to assess the fit of the
models to the data, visually plotting the fit of simulations to the observed summary statistics. Below

we discuss the application to L. saxatilis ecotypes, as well as limitations and future perspectives.

4.5.1 RECENT SINGLE ORIGIN OF LITTORINA SAXATILIS ECOTYPES
IN SWEDEN

To illustrate the application of our method to Pool-Seq data, we analysed data from pools of L.
saxatilis ecotypes, exploring the effects of obtaining posteriors by merging subsets of loci and
assumptions about within-locus recombination. Using subsets of 300 loci, we found evidence
supporting a single origin of Crab and Wave ecotypes in Sweden. Our results indicate that the
ecotypes diverged relatively recently, followed by a split of the populations in different locations
about 1,000 generations ago (approximately 500 years ago), with high gene flow between ecotypes.
This is consistent with a recent postglacial colonization of Swedish islands (Panova et al., 2011).
The estimates from both the two- and four-population models were consistent, with the divergence

time for Crab and Wave ecotypes being approximately 15,000 years ago.

Both models also indicate high migration rates between ecotypes (4Nm > 10), with slightly
higher rates from Crab to Wave ecotypes (Figure 4.7G-I). This supports the hypothesis of a higher
net dispersal from Crab to Wave, which may explain the observed shift in cline centres towards the
Wave habitat on Swedish islands (Westram et al., 2021).
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Figure 4.7: Posterior distributions of relative L. saxatilis parameters with regression adjustment and a tolerance of 0.01.
Prior distributions are displayed as a dotted blue line for reference. The first column (A, D, G, and J) corresponds to the
two-population model, while the remaining columns represent the single origin model. A - relative size of Arsklovet
Crab (n;) and Wave populations (n7), B - relative size of Arsklovet Crab (n;), Arsklovet Wave (n;), Ramso Crab
(n3) and Ramso Wave (n4) populations, C - relative size of ancestral populations (na; and nay), D - relative time of
separation of the ecotype populations (4,), E - relative time of the recent split event (¢;), F - relative time interval
between the two split events (J;), G and H - average number of immigrants per generation (4N;m1; and 4Nymy;) in
Arsklovet, I - average number of immigrants per generation (4Nsm34 and 4N3my43) in Ramso, J and K - proportion of
the genome without migration (P,,) and L - pooling error. Relative parameter values were converted to absolute values
using a re-scaling factor f, calculated as the ratio of the observed number of SNPs (0bs[S]) to the expected number of
SNPs (E[S]). The absolute parameter values were obtained by multiplying the point estimate of the posteriors shown
here by the rescaling factor f.

We found slightly larger effective sizes for Crab than Wave ecotype populations, together with

lower effective sizes for present-day than ancestral populations, in agreement with a previously



reported lack of support for past expansions based on individual genotypes (Butlin et al., 2014).
Despite the high uncertainty in the posteriors for ancestral population sizes, our estimates suggest a
higher density of individuals in Crab than Wave habitats, which is also consistent with the reported
shifts in cline centres (Westram et al., 2021). Finally, we found that a low proportion of the genome
was linked to complete barriers to gene flow between the two ecotypes (P,, < 6%). This low
proportion of barrier loci was not surprising since we excluded SNPs from all known regions asso-
ciated with chromosomal inversions in L. saxatilis, which play an important role in the non-neutral
ecotype divergence process (Westram et al., 2021). Thus, a possible explanation for our estimates
is that barrier loci also occur outside inversions. However, given the lack of a chromosome level
reference genome with a clear mapping of collinear and inverted regions, we cannot exclude that

some of the SNPs included in our analysis are actually linked with chromosomal inversions.

The inferred high gene flow (4Nm > 10) between Wave and Crab populations may limit our
ability to distinguish between alternative models (Bierne, Gagnaire, & David, 2013), but our results
and ABC model choice based on individual genotypes (Butlin et al., 2014) both support a single
origin for L. saxatilis ecotypes in Sweden. Indeed, simulations under the single origin model fit the
observed summary statistics (Figure A4.11), but caution is needed due to the simplified nature of
our models. Due to the limited spatial scale of our study, our results may reflect recent postglacial
colonization of the two locations, rather than ecotype formation. Indeed, it is probable that ecotype
formation in these Swedish locations predates their colonization. To determine if ecotype formation
occurred in parallel, the ABC approach developed here could be applied to compare Wave and Crab

ecotypes from more distant locations.

4.5.2 LIMITATIONS AND FUTURE PERSPECTIVES

Our aim was to implement an ABC method using Pool-seq data and test its performance under
generic divergence models. These models are relatively simple, and probably fail to capture the
complexity of ecotype formation in these geographically restricted L. saxatilis Crab and Wave
ecotypes. For instance, we assumed a simultaneous divergence of the four extant populations, and
no migration between ancestral populations, which is unlikely to hold. More complex models,
implying different strengths of selection at barrier loci or the possibility of one ecotype acting as
a reservoir of standing genetic variation (Jones et al., 2012; Liu, Ferchaud, Grgnkjar, Nygaard, &
Hansen, 2018) could also be considered. It remains to be tested whether an ABC framework allows
distinguishing between more complex models with Pool-seq data. Nonetheless, a recent study
has highlighted the potential of Pool-seq data to infer demographic histories by combining ABC
with supervised machine learning in the DIYABC-RF software (Collin et al., 2021). Similarly to
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our approach, DIYABC-RF enables the simulation and analysis of Pool-seq data by first simulating
individual SNP genotypes and then using the corresponding allele frequencies to generate pool read
counts from a binomial distribution. However, DIYABC-RF does not explicitly model all possible
sources of Pool-seq errors, as it only models variation in read coverage across SNPs (by randomly
drawing coverages from the vectors of SNP coverages in the observed data set). Here, we explicitly
model the different sources of errors with specific error parameters, such as variation in depth of
coverage, unequal individual and pool contributions, and sequencing errors. Our results show
that ignoring Pool-Seq errors might lead to incorrect estimates, but that demographic parameters
are estimated accurately by explicitly modeling Pool-Seq errors (Figure 4.4). The low prediction
errors found in our simulation study in models with up to four populations indicate that Pool-seq

data might be suitable to infer demographic history under more complex models.

Our modular approach allows users to integrate our R package seamlessly with other packages
at different steps. First, here we used the coalescent simulator implemented in the R package
scrm, but it is possible to consider other demographic scenarios and simulate genetic data with
coalescent-based methods for recombining chromosomes (Kelleher, Etheridge, & McVean, 2016),
or forward simulators that explicitly model positive and background selection (Haller & Messer,
2019) and then use our functions to simulate Pool-seq data. Second, after simulating Pool-seq data,
users can feed the reference tables with parameters and summary statistics to other tools using
more sophisticate algorithms, such as neural networks or random forest ABC. Third, after the ABC
rejection step, users can perform post-processing adjustment using other tools (e.g., abc R package,
Csilléry et al. 2012). Despite some limitations, our results show that combining Pool-seq with
ABC is an effective approach for investigating parallel evolution in taxa where similar ecotypes are
found at multiple locations. We illustrated this by applying our method to Swedish populations of
L. saxatilis ecotypes. The demographic history models considered provide suitable null models for

a better comprehension of the genetic basis of divergent adaptation across many taxa.
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4.8 APPENDIX

Table A4.1: Set of summary statistics considered. The D-statistics combinations tested if there was more intro-
gression between the divergent ecotypes at the same location or between the same ecotypes at different locations: for
D-statistic 1, P1 was the Wave population in the first location (V,), P2 was the Wave population in the second location
(N4) and P3 was the Crab population at the first location (N); for D-statistic 2, P1 was again the Wave population in the
first location (V) but P2 was the Crab population in the second location (3) and P3 was the Crab population at the first
location (Ny); for D-statistic 3, P1 was also the Wave population at the first location (N,), P2 was the Crab population
at the first location (N;) and P3 was the Wave population at the second location (N4). For all combinations, P4 was
assumed to be an outgroup fixed, at all sites, for the major allele. Note that for the four-population models we only
considered the proportion of SNPs with fixed differences between the two populations that inhabit the same location.
For the proportion of exclusive SNPs, we also computed this per location i.e. checking if each site was segregating in
one population but not in the other population inhabiting the same location, but we also computed the proportion of
sites that were segregating in only one population and not in the other three.

summary statistic two-population four-populations
mean heterozygosity [1] 2 values (1 per population) 4 values (1 per population)
SD heterozygosity [1] 2 values (1 per population) 4 values (1 per population)
mean heterozygosity between populations [1] 1 pairwise value 6 pairwise values
SD heterozygosity between populations [1] 1 pairwise value 6 pairwise values
pairwise Fgr [2] 1 pairwise value 6 pairwise values
SD Fyr [2] 1 pairwise value 6 pairwise values
S5%Fsr [2] 1 pairwise value 6 pairwise values

95%Fsr [2]

1 pairwise value

6 pairwise values

proportion of fixed differences [3] 1 pairwise value 2 values
proportion of exclusive SNPs [3] 2 values (1 per population) 5 values
mean D-statistic 1 [4] - 1 value
mean D-statistic 2 [4] — 1 value
mean D-statistic 3 [4] - 1 value
SD D-statistic 1 [4] - 1 value
SD D-statistic 2 [4] - 1 value
SD D-statistic 3 [4] - 1 value
total 13 57

[1] - Nei and Roychoudhury (1974); [2] - Bhatia et al. (2013); [3] - Fraisse et al. (2021); [4] - Adapted from Malinsky et
al. (2021) assuming that the outgroup was fixed for an allele different from P3, using nABBA =YX (pi1 (1 — pia) (1 —

pi3)) + (1= pit)piapiz), nBABA = Y5 | (1 — pin) pn(1— p3)) + (pir (1 — p2) pi3), where pij denotes the minor-allele
frequency at site i for population j.
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Table A4.2: Prediction errors for two-population model parameters. Parameter inference was performed using
a simple rejection or a regression adjustment using a local linear regression. For each method, values are presented
for two different tolerance rates. n; and n; - relative population sizes of the extant populations, #4;, - relative time
of separation of the ecotype populations, €,,,; - experimental error introduced by the pooling procedures, &, - error
associated with sequencing and mapping errors, miy - probability per generation that an individual migrates from
N; to N, (forward in time), my; - probability per generation that an individual migrates from N, to N; (forward in
time), 4N,m1, and 4Nymy; - average number of immigrants per generation (4Nm) from N to N, and from N, to N
(respectively) and P,, - proportion of the simulated loci where no migration occurs between ecotypes.

REJECTION REGRESSION
tolerance of 0.005 tolerance of 0.01 tolerance of 0.005 tolerance of 0.01
parameter mode median mean mode median mean mode median mean mode median mean
ny 0312 0.219 0.220 0.349 0.243 0.243 0.113 0.106 0.106 0.127 0.119 0.119
ny 0310 0.213 0.213 0.356 0.239 0.239 0.118 0.110 0.110 0.120 0.111 0.110
taiy 1.023  0.564 0.589 1.225 0.607 0.634 0.456 0340 0.319 0.500 0.367 0.342
€Epool 0.625 0414 0432 0.658 0.461 0.487 0.261 0.239 0.236 0262 0.242 0.242
Eseq 2527 0966 0.974 2.651 0974 0.981 0914 0.613 0.591 0.884 0.611 0.592
p) 1.404 0.648 0.674 1.390 0.651 0.687 0.655 0.436 0.428 0.609 0.402 0.401
myy 1.301 0.627 0.656 1.368  0.668 0.697 0.668 0432 0423 0.710 0.462 0.448

4N>my 0.762 0.501 0.485 0.800 0.528 0.512 0.338 0.287 0.283 0336 0.286 0.284
4N1my) 0.768 0.486 0.466 0.837 0.555 0.525 0.308 0.262 0.259 0.351 0.297 0.293
P 0.323 0233 0.214 0.327 0232 0212 0.117 0.102  0.090 0.089 0.080 0.072
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Table A4.3: Prediction errors for the single origin parameters. Parameter inference was performed using a simple
rejection or a regression adjustment using a local linear regression. For each method, values are presented for two
different tolerance rates. n; to ny4 - relative population sizes of the extant populations, na; and na; - relative population
sizes of the ancestral populations, f, - relative time of the split event that lead to the origin of the current populations, J;
- relative time interval between #; and the ancient split event (¢4;), €po0 - €xperimental error introduced by the pooling
procedures, &g, - error associated with sequencing and mapping errors, mi2,m34 - probability per generation that an
individual migrates from the N; or N3 (Crab) population to the N, or Ny (Wave) population (forward in time), my,m43
- probability per generation that an individual migrates from the N, or Ny (Wave) population to the N; or N3 (Crab)
population (forward in time), 4N,m > and 4Nymjy; - average number of immigrants per generation (4Nm) from Nj to
N, and from N, to N (respectively) at the first site, 4Ngm34 and 4N3my43 - equivalent immigration rates at the second
site and P,, - proportion of the simulated loci where no migration occurs between ecotypes.

REJECTION REGRESSION
tolerance of 0.005 tolerance of 0.01 tolerance of 0.005 tolerance of 0.01
parameter mode median mean mode median mean mode median mean mode median mean
n 0.759 0465 0417 0.830 0.489 0.447 0.142 0.127 0.122 0.126 0.114 0.111
ny 0.857 0.513 0451 0.934 0.546 0.490 0.138 0.123 0.119 0.133 0.118 0.113
n3 0.734 0.452 0.409 0.880 0.530 0.474 0.126 0.113 0.110 0.140 0.125 0.121
N4 0.821 0.501 0.448 0.957 0.563 0.495 0.127 0.115 0.112 0.149 0.134 0.127
nay 1.949 1.109 0.954 1.945 1.119 0.963 1.316 0.613 0.583 1.407 0.627 0.596
na, 1.943 1.103 0.955 1.933 1.112 0.963 1.383 0.643 0.615 1.415 0.646 0.616
ts 0.070 0.063 0.067 0.075 0.071 0.078 0.039 0.037 0.036 0.039 0.037 0.036
O 1.327 0.694 0.734 1.452  0.741 0.778 0.228 0.193 0.185 0.223 0.188 0.182
Epool 1.256 0.704 0.767 1.429 0.766 0.822 0.266 0.253 0.236 0.271 0.261 0.243
Eseq 0.539 0.550 0.629 0.619 0.627 0.703 0.084 0.070 0.062 0.088 0.071 0.062

miz,m3s 1579 0.744  0.794 1.569 0.781 0.827 0.523 0.386 0.379 0.559 0401 0.396
myy,ma3 1410 0.738  0.790 1.528 0.798 0.842 0.522 0384 0.377 0.549 0401 0.399
4N>my 1.072  0.759  0.659 1.156  0.843 0.720 0.357 0.299 0.276 0.426 0357 0.325
4N1may 1.113  0.773  0.657 1.123  0.808 0.709 0.396 0330 0.299 0.367 0307 0.287
4Ngm3y 1.129 0.811 0.696 1.188 0.865 0.731 0.365 0.306 0.280 0.393 0.328 0.298
4N3my3 1.153 0.818 0.687 1.149 0.840 0.727 0.358 0.299 0.274 0.388 0323 0.298
P 0.190 0.135 0.125 0.235 0.162 0.149 0.044 0.042 0.041 0.045 0.043 0.041
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Table A4.4: Prediction errors for the parallel origin parameters. Parameter inference was performed using a simple
rejection or a regression adjustment using a local linear regression. For each method, values are presented for two
different tolerance rates. n; to ny4 - relative population sizes of the extant populations, na; and na; - relative population
sizes of the ancestral populations, f, - relative time of the split event that lead to the origin of the current populations, J;
- relative time interval between #; and the ancient split event (¢4;), €po0 - €xperimental error introduced by the pooling
procedures, &g, - error associated with sequencing and mapping errors, mi2,m34 - probability per generation that an
individual migrates from the N; or N3 (Crab) population to the N, or Ny (Wave) population (forward in time), my,m43
- probability per generation that an individual migrates from the N, or Ny (Wave) population to the N; or N3 (Crab)
population (forward in time), 4N,m > and 4Nymjy; - average number of immigrants per generation (4Nm) from Nj to
N, and from N, to N (respectively) at the first site, 4Ngm34 and 4N3my43 - equivalent immigration rates at the second
site and P,, - proportion of the simulated loci where no migration occurs between ecotypes.

REJECTION REGRESSION
tolerance of 0.005 tolerance of 0.01 tolerance of 0.005 tolerance of 0.01
parameter mode median mean mode median mean mode median mean mode median mean
n 0.743 0437 0.395 0.888 0.512 0.455 0.157 0.138 0.131 0.149 0.134 0.128
ny 0.731 0.444 0.397 0.858 0.497 0.445 0.145 0.128 0.123 0.141 0.126 0.121
n3 0910 0.525 0.456 0.968 0.563 0.494 0.154 0.136 0.130 0.171 0.149 0.140
ny 0.836  0.480 0.423 0961 0.553 0.487 0.156 0.137 0.129 0.153 0.135 0.129
nay 1.913 0.899 0.806 1.914 0942 0.834 1.161 0.562 0.533 1.199 0.560 0.530
na, 1.925 0923 0.813 1.958 0962 0.840 1.116 0.547 0.524 1.194 0.582 0.549
ts 0.549 0360 0.385 0.603 0389 0415 0.204 0.171 0.158 0.223 0.189 0.172
O 0.474 0.334 0.347 0.493 0.353 0.367 0.202 0.176  0.167 0.212 0.188 0.179
Epool 1.270 0.710 0.760 1.346 0.753 0.801 0.263 0.245 0.240 0.261 0.244 0.241
Eseq 0.531 0471 0.539 0.600 0.542 0.611 0.061 0.051 0.044 0.061 0.049 0.042

miz,m3s 1505 0.767 0.809 1.582 0.803 0.843 0.609 0.454 0.447 0.606 0.447 0.448
myy,maz 1.514  0.781  0.822 1.570 0.800 0.841 0.606 0.450 0.443 0.580 0.438 0.439
4N>my 1.118  0.772  0.658 1.161  0.799 0.685 0.387 0331 0.311 0.396 0333 0311
4N1may 1.119  0.764 0.658 1.184 0.827 0.704 0.407 0345 0.319 0.417 0353 0.329
4Ngm3y 1.150 0.789  0.653 1.201 0.860 0.726 0417 0345 0.331 0.400 0.340 0.319
4N3my3 1.179 0.834 0.667 1.208 0.870 0.733 0412 0350 0.326 0.432 0367 0.340
P 0484 0314 0.278 0.579 0368 0.327 0.129 0.120 0.118 0.134 0.126 0.124
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Table A4.5: Biases of the estimates obtained when explicitly modeling or ignoring Pool-seq errors. We simulated
pseudo-observed Pool-seq data and inferred parameters using either a table of summary statistics computed directly
from simulated haplotypes without accounting for Pool-seq errors or a table of summary statistics computed after
simulating Pool-seq data and explicitly considering depth of coverage variation, unequal individual contribution, and
sequencing errors. We computed the bias of the estimates using % ~Z(|@,~ — ©;]), where ©; is the estimated mean
posterior, and ©; is the true parameter value for the i"* pseudo-observed dataset, while n = 100 is the number of
simulated pseudo-observed datasets. n; and n; - relative population sizes of the present-day populations, #;, - relative
time of separation of the ecotype populations, 4Nm, and 4Nmy; - average number of immigrants per generation and
B, - proportion of the genome without migration.

parameter ignoring Pool-seq data accounting for Pool-seq data
ni 0.605 0.144
ny 0.584 0.192
taiv 0.939 0.630
4Nm12 0.797 0.187
4Nmy, 0.719 0.239
P 0.018 0.010

Table A4.6: Estimates for relative parameters of Littorina saxatilis populations. Results are shown for the Arsklovet
population for the two-population model and for Arsklovet and Ramso for the single origin and parallel origin models.
For these models n; and ny correspond to the Arsklovet Crab and Wave population respectively, while n3 and ng4
correspond to the Ramso Crab and Wave population respectively. For each parameter, the value outside brackets
corresponds to the mean of the posterior distribution and in-between brackets is the 95% credible interval.

parameter two-population single origin parallel origin

ni 0.334 (0.219 - 0.596) 0.557 (0.249 - 1.841) 0.315 (0.134 - 0.732)

ny 0.286 (0.184 - 0.499) 0.296 (0.158 - 0.993) 0.754 (0.241 - 1.895)

n3 - 0.682 (0.296 - 1.919) 0.662 (0.208 - 1.718)

n4 - 0.825 (0.337 - 2.221) 0.939 (0.277 - 2.189)
nay - 2.203 (0.459 - 2.870) 2.641 (1.554 - 2.980)
nay - 1.139 (0.208 - 2.554) 2.396 (0.873 - 2.963)
Ly 0.165 (0.020 - 1.517) - -

ts - 0.014 (0.009 - 0.022) 0.007 (0.005 - 0.018)

Os - 0.386 (0.129 - 1.158) 0.029 (0.002 - 0.070)
mip,m34 0.00073 (0.00013 - 0.0009)  0.00048 (0.00012 - 0.00094) 0.00024 (0.00002 - 0.00076)
myy,my3  0.00049 (0.00005 - 0.00096) 0.00058 (0.00016 - 0.00096) 0.00077 (0.00028 - 0.00099)
P 0.012 (0.001 - 0.066) 0.013 (0.002 - 0.054) 0.205 (0.015 - 0.428)
Epool 182 (67 - 236) 102 (24 - 183) 130 (23 - 222)

Eseq 0.00100 (0.00098 - 0.00100)  0.00092 (0.00059 - 0.00099) 0.00099 (0.00097 - 0.00100)
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Table A4.7: Biases of the estimates obtained with subsets of loci. We simulated a pseudo-observed dataset of 100
loci and inferred parameters using the full dataset or subsets representing 10%, 30%, or 50% of the genome. To
compute the bias, we contrasted the mean of the posterior distribution obtained with subsets of loci with the mean
posterior obtained with 100 loci. The bias was computed a) after weighted combination of posteriors obtained with
subsets representing 10%, 30% or 50% of the genome and b) by using the summary statistics of the full dataset as the
target for parameter inference performed with 10%, 30% or 50% of the genome. n; and n; - relative population sizes of
the present-day populations, #;;, - relative time of separation of the ecotype populations, 4Nm, and 4Nmjy| - average
number of immigrants per generation and P,, - proportion of the genome without migration.

a) merging posteriors b) whole-genome
parameter 10% 30% 50% 10% 30% 50%
n 0.136 0.043 0.008 0.256 0.043 0.006
n 0.186 0.093 0.046 0.209 0.080 0.042
taiv 0.867 0.521 0.242 0.845 0.426 0.212
4Nmi; 4.564 1.584 1.863 13.261 0.730 1.878
4Nmy 5.061 1.479 0.107 25.674 1.052 0.106
P 0.009 0.012 0.010 -0.020 0.003 0.006
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Figure A4.1: Simulations converge to the expected mean and variance in all cases. We simulated the proportion of
contribution at 100 loci, each with 10k SNPs, and calculated the mean and variance of contribution per locus. Expected
mean proportions are represented by dashed lines, and expected variances by dots on the box-plots. Simulations with
5 pools of varying size show that, even when pool error is high (300), each pool has the expected contribution (A) and
variance (B). Expected values for A and B were obtained with eqs. A4.2 and A4.8. Simulations with 10 pools of the
same size (10 individuals per pool) show that the contribution of each pool converges to the expected mean (C) and
variance (D) across pool errors. Expected values for C and D were obtained with eqs. A4.10-A4.12. Simulations of
the contribution of individuals (15) within a pool show that the mean contribution (E) and variance (F) also converge
to the values of eqs. A4.13-A4.15.
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Figure A4.2: Impact of the sequencing error and depth of coverage on the detection of false SNPs. We simulated
Pool-seq data for a single pool of 100 individuals, sampled at 300 loci, each with 50 SNPs. Since all individuals
were homozygous for the reference allele, any alternative allele reads were considered false SNPs. We plotted the
number of alternative allele reads (y-axis) observed at different levels of sequencing errors and depths of coverage.
The dashed line represents the threshold we applied, discarding SNPs with fewer than two minor-allele reads. Note
that all L. saxatilis populations analysed here had a mean coverage below 100x and thus, our minor-allele threshold
should eliminate most false SNPs even when sequencing error is high.
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Figure A4.3: Merging of multiple posterior distributions. This represents an example of how the posteriors obtained
for each set of loci are combined to obtain a single estimate per parameter. In the top-left plot several posteriors
distributions are shown, one for each set of loci and for a given parameter. These multiple posteriors are weighted
according to the distance between the summary statistics of the corresponding simulations and the mean across the
genome, giving more weight to sets of loci with a mean closer to the overall mean. The top-right plot represents an
example of this, where the simulations with values closer to the global value (represented by the black line) will have
more weight. Using these weights, the multiple posteriors are combined to obtain a single estimate per parameter, as
shown in the bottom-left panel.
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Figure A4.4: Impact of number of loci on the prediction error. A leave-one-out cross-validation simulation study with
varying numbers of loci per subset was performed to compute the prediction error for several demographic parameters.
The prediction error is shown on the y-axis. The x-axis shows the numbers of loci per subset. Points represent the
mean prediction error after bootstrapping and error bars represent 95% confidence intervals. Parameters shown here
are: A - relative size of a present-day population (n;), B - relative time of separation of the ecotype populations (zz;,),
C - average number of immigrants per generation (4Nm,) and D - proportion of the genome without migration (B,,).
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Figure A4.5: Results of the cross-validation for parameter estimation using the two-population model. The y-axis
displays the estimated values, plotted against the true parameter values on the x-axis. Estimates correspond to the
mean of the posterior obtained with a tolerance rate of 0.01. Parameters shown here are: A - relative size of a present-
day population (1), B - relative time of separation of the ecotype populations (74;,), C and D - average number of
immigrants per generation (4Nmp, and 4Nmy, respectively), E - proportion of the genome without migration between
different populations (P,,) and F - pooling error
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Figure A4.6: Results of the cross-validation for parameter estimation using the four-population models. Panels from
A to F show the results for the single origin model, while panels G to L show the results for the parallel origin model.
The y-axis displays the estimated values, plotted against the true parameter values on the x-axis. Estimates correspond
to the mean of the posterior obtained with a tolerance rate of 0.01. Parameters shown here are: A and G - relative size
of a present-day population (n;), B and H - relative time of the recent split event (;), C and I - relative time interval
between the two split events (J;), D and J - average number of immigrants per generation (4Nm), E and K - proportion
of the genome without migration between different populations (7,,) and F and L - pooling error
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Figure A4.7: Posterior distribution of relative L. saxatilis parameters using the two-population model. The posterior
distributions were obtained with the regression adjustment method and using a tolerance rate of 0.01. For reference, the
prior distribution of each parameter is shown (dotted line). Parameters shown here are: A - relative size of the Arsklovet
Crab population (n1), B - relative size of the Arsklovet Wave population (n,), C - relative time of separation of the
ecotype populations (#;;,), D and E - average number of immigrants per generation (4Nmi, and 4Nmy1, respectively)
and F - proportion of the genome without migration between different populations (B,,). The relative parameter values
presented here were converted to absolute values using a re-scaling factor f = obs[S]/E|[S], where obs[S] corresponds
to the observed number of SNPs and E[S] is the expected number of SNPs. Absolute parameter values were obtained
by multiplying the point estimate of the posteriors shown here by the rescaling factor f.
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Figure A4.8: Impact of within-locus recombination on parameter estimates. We used simulations that excluded within-
locus recombination to estimate the parameters of two pseudo-observed datasets: one with and another without within-
locus recombination. The x-axis shows the estimated parameter value, and the y-axis shows the density of the posterior
distribution. The posterior obtained for the pseudo-observed dataset without within-locus recombination is shown in
red and the posterior for the pseudo-observed dataset with within-locus recombination in blue. The solid vertical line
represents the true parameter value. Parameters shown here are: A - relative size of a present-day population (r;), B -
relative time of separation of the ecotype populations (#4;,), C - average number of immigrants per generation (4Nm2)
and D - proportion of the genome without migration (Py,).

194



€ ——  Posterior S c Posterior
n | —— Prior —— Prior
4 = s
(%)) 2
- <
. B <]
° 7\ T T T T T T T T T T T T T ° T T T T T T T
0.0 05 1.0 15 20 25 30 0.0 05 1.0 15 20 25 30 00 05 1.0 15 20 25 30
n, - relative size of the present-day t, - relative time of the recent split O, - relative time interval between
population of Arsklovet crab event the two split events
w T T
g1 l. ——  Posterior | E Posterior o | ——  Posterior
° | —=— Prior - .l —=— Prior S ll —~— Prior
‘. 8 )
o B °
n - .
C . 2| £
s L ‘ ‘ ‘ . ‘ s - ‘ ‘ : : — Sl : : ‘ . : =
0 50 100 150 200 250 300 0 50 100 150 200 250 300 0 50 100 150 200 250 300
4N,m1, - average number of immigrants per 4N;m,; - average number of immigrants per 4N;ms,- average number of immigrants per
generation from crab to wave at Arsklovet  generation from wave to crab at Arsklovet generation from crab to wave at Ramso
° G Posterior ——  Posterior 5 ——  Posterior
— = Prior 2 A —— Prior ° — = Prior
(Vo Iy B
c - < :

T T T T T T T T

T T T
0 50 100 150 200 250 300 0.0 01 02 03 04 05 0 50 100 150 200 250

4Nsm,; - average number of immigrants per P, - proportion of the genome without €pool - POOIING error
generation from wave to crab at Ramso migration

Figure A4.9: Posterior distribution of relative L. saxatilis parameters using the single origin model. The posterior
distributions were obtained with the regression adjustment method and using a tolerance rate of 0.01. For reference,
the prior distribution of each parameter is shown (dotted line). Parameters shown here are: A - relative size of the
Arsklovet Crab population (n;), B - relative time of the recent split event (), C - relative time interval between the two
split events (J;), D and E - average number of immigrants per generation (4Nm) from Crab to Wave and from Wave to
Crab (respectively) at Arsklovet, F and G - average number of immigrants per generation (4Nm) from Crab to Wave
and from Wave to Crab (respectively) at Ramso, H - proportion of the genome without migration between different
populations (P,,) and I - pooling error. The relative parameter values presented here were converted to absolute values
using a re-scaling factor f = obs[S]/E[S], where obs|S] corresponds to the observed number of SNPs and E|S] is the
expected number of SNPs. Absolute parameter values were obtained by multiplying the point estimate of the posteriors
shown here by the rescaling factor f.
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4.8.1 MODELLING UNEQUAL CONTRIBUTION OF INDIVIDUALS AND
POOLS

Here we describe the explicit modeling of Pool-seq errors associated with unequal contribution
of individuals and pools, deriving expected values and variances for the proportion and counts of
reads from each individual and pool. We extend the approach of Gautier et al. (2013) to pools
with unequal number of individuals, using a general notation that can be applied to model unequal
contribution from both individuals and pools. Namely, we refer to p; as the proportion of reads
from pool &, v; as the number of individuals of pool k, K to the number of pools, and v to the total
number of individuals across pools (v = YX_ v;). We use E[.] and V] to denote expected value
and variance, respectively. We derive results for pools of unequal size (with relative size vi/Vv).
We then derive results for pools of the same size as a special case when v /v = 1/K. Finally, we
derive the results for individuals as a special case by considering that the number of pools is equal
to the number of individuals (i.e., K = v) with the size of 1 individual per pool (i.e., with a relative
size of v = 1/v). Note that in the material and methods section of the manuscript, the notation

also includes the population label j, but for simplicity we drop it here, e.g. v rather than v; ;.

We start by considering the general case where pools have different sizes, assuming that the pro-
portion p; of reads from pool k follows a Dirichlet distribution, where the dispersion is controlled

by the parameter p,

P Npl-r<p . %) (A4.1)

Given the properties of the Dirichlet distribution, the expected value of the proportion of reads

from pool k is

Vi
P~ Vi Vi
Elpl=cx—w = = — (A4.2)
pm1 Py Lpmi VeV
and the variance of py is
2l (1- )
(X5 pE)+1 p+1 p+1

198



The parameter p is the same for all pools, as it reflects the dispersion around the expected val-
ues, with values closer to zero indicating a higher variance. As p goes to infinity, the variance tends

w = 0), whereas in the limit as p tends to zero, the variance tends to

E[pi](1 = E[pi]), dimp_o w = E[p](1 — E[px])), which is its maximum value. Follow-

to zero (limp 4o

ing Gautier et al. (2013), this variance can be expressed in terms of a pool-Seq error parameter &,

which is proportional to the expected value:

Vipi] = & - E[pi)? (A4.4)

Replacing V[py| in A4.4 by its definition in A4.3, we obtained:

E[pi](1—E[p])
p+1

=& -E[pi)? (A4.5)

Solving this for p, we obtained the general solution:

(p+ 1)&ZE[pi)* = E[p (1 - E[p])

E[pi?
Pt e = (le[]faZ?k]) (A4.6)
_ (I—Elpd) — £
Elpdet
_Elp ' (1-E[p]) -
p= 2

By definition p needs to be a positive value. Hence, the range of possible values for g is
bounded, i.e., €2 < E[pd] ' (1 —E[p4]). Since E[py] = vi/v and E[p] ™" = v/ v} we can obtain the

following expression for p

Vv g2 v g2
p:( V)ZVk k_ % . k (A4.7)
& &

Y _1-¢g?
Thus, in the limit as & tends to zero, p will tend to infinity (limg, _,o &

o = o), whereas as
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\4 2
ﬂ—l—sk

€ tends to the upper bound of its range , /vlk — 1, p tends to zero (limek_> E =0).

v e

To ensure that the expected value of the proportion of reads E[py] corresponds to the relative
size of each pool (i.e., E[pi| = %), p needs to be the same for all pools (eq. A4.2). This implies
that pools with different sizes have different &,. Given that the maximum value of & depends on
the relative number of individuals in each pool (i.e., 8,3 < vik — 1), we compute p using eq. A4.7
based on the pool with fewer individuals, as it corresponds to the case of a larger upper bound for
& (i.e., larger vlk —1). Setting & as the error of the pool with the lowest size, the error €; for another
pool j can be written using a scaling factor ;. Below, we derive o considering two pools k and j

of different sizes vy and Vv;, respectively, with vy < v;

Vipd = &f - E[pi)?

(A4.8)
Vipjl = &7 -Elp)* = (oj&)* - E[p;]*

Replacing the variances given in eq. A4.3 and expected values in eq. A4.2, and solving for ekz
and Oc]2

OO = (v /v)2 | et = Gt A4
W) _ a2 | g = U0 (Aa4.9)
i~ & A Yo

The result of eq. A4.9 is general for any number of pools. We now consider the special case of
pools of the same size, i.e., same vy, for all K pools. In this case, vy /v = 1 /K. Hence, the expected

values and variances are the same for all pools:

. p(/K) 1
E| ]—m—f (A4.10)

(1/K)(1 - (1/K)) (A4.11)

Vipk] = Pl

and p is given as a function of the pool-seq error € = &, which is the same for all pools.

(1-x)K—€* K—1-¢

= 2 (A4.12)

p:
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In this case, all the pools have the same €, as the scaling factor & is equal to 1, since v, = v; and
vi/v = 1 /K for all pools. Finally, we obtain the result for the unequal contribution of individuals
inside a single pool solving for the special case of K = v with 1 individual per pool (i.e., vy = 1).
That is, one pool with v individuals is treated as if we had a mixture of v pools, each with one
individual. We use the notation p; to refer to proportion of reads from each individual in a single

pool, as in the main text of the manuscript.

_p()v) 1
E[pi] =SV ey v (A4.13)
(I/v)(A=(1/v))
Vipi] = P (A4.14)

To clarify the link with the main text, we also use an explicit notation for the parameters related

to the pool-seq error of individuals, p; and &;

1—Lyyv—e2 y_1_¢g2
pl:( V)V & i (A4.15)

g2 E:

1 1

These results are the same as those obtained by Gautier et al. (2013) for the expected values,
variances and p obtained for the contribution of individuals in a single pool. The Supplementary
Figure A4.1 shows that simulations done under our model converge to these analytical results. In
the main manuscript, we treat the error & (for pools) and g&; (for individuals) as nuisance param-
eters in our simulations, sampled from a uniform prior distribution. All simulations in the main
manuscript were done assuming pools of identical size. Hence, we computed the constant p (p,, in
the notation of the main manuscript) that describes the unequal contribution of the K pools using eq.
A4.12. For the constant p; that describes the unequal contribution of individuals within each pool
we used eq. A4.15. In the estimation of parameters, we considered a single parameter € that was
set to be the error associated with the unequal contribution of individuals, i.e. € = €. Rather than
considering that the error associated with the unequal contribution of pools was the same as the un-
equal contribution of individuals (i.e., setting & = &;), we considered that €2 = (K —1)/(v — 1)€?.
The rationale is that the range of values for 8,3 is between zero and K — 1 (see eq. A4.12); whereas

for eiz is between zero and v — 1 (see eq. A4.15).
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4.8.2 INPUT AND OUTPUT FILES

For the simulation of Pool-seq data, our method relies on custom-made R functions that do not
require a particular input file but instead require a set of user inputs at each appropriate function.
To simulate the total depth of coverage for each population, the user must define the mean and
the variance of the depth of coverage for each population, as well as the total number of SNPs to
simulate. To simulate pools, the user must define the pool error to use in the simulation (€,4/).
Finally, to obtain the number of reads with the derived allele, D;, the user must also supply a value
for the sequencing/mapping error (&) and the genotypes, ideally obtained using coalescent theory
to simulate gene trees. After this step, our method provides a function to translate the number of
ancestral/derived alleles into major/minor alleles, ensuring that the minor allele is the one for which
we have fewer reads across all the populations. At this step, the user also has the choice to remove
sites with fewer than x minor allele reads, where x is a user-defined threshold. The output of
this section of our method are two different matrices, one containing the number of minor allele
reads and the other containing the total depth of coverage. Both matrices are in the nPop x nSNP
format, meaning that each row contains the information for a given population, while each column
is a different site. These matrices can be used to compute allele frequencies and calculate several

summary statistics.

Our ABC method is designed to work with the _rc files produced by the snp-frequency-diff.pl
script from the PoPoolation2 suite (Kofler, Pandey, & Schlétterer, 2011). This file contains the
number of major and minor allele reads for every SNP in a concise format (for more information
see: https://sourceforge.net/p/popoolation2/wiki/Manual/). Given the modular nature
of the method, it can also accommodate inputs in the form of matrices, where one of the matrices
contains the number of minor allele reads and the other contains the total depth of coverage. These
matrices should be in the format nPop X nSNP, meaning that each row should contain the informa-
tion for a given population, while each column is a different site. Note that an additional matrix,
of the same dimensions, containing SNP position and contig information should also be available.
The input files can then be filtered, removing sites with high or low coverage and sites with too
few minor allele reads. For ABC parameter inference and model selection, summary statistics are
computed for several random blocks of windows and used as the target. The final output of model
selection includes the proportion of accepted simulations for a model under a rejection algorithm
and the posterior model probabilities of each model after a local linear regression adjustment. For
parameter inference, the output includes the estimates under the rejection algorithm, the regression
adjusted estimates if a local linear regression was performed and the median, mean, mode and 95%

confidence interval of the weighted posteriors for each parameter.
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4.8.3 Vignette for the poolABC package

A4 - Introduction

An implementation of Approximate Bayesian Computation (ABC) methods applied to pooled se-
quencing (Pool-seq) data is available in R language in the package poolABC. The purpose of this
vignette is to provide an in-depth overview of the capabilities of the package, highlighting the usage

of its main functions.

library(poolABC)

The initial sections of this vignette detail how to import pooled sequencing data from files in the _rc
format. We also show how to randomly select multiple subsets of the observed data, compute sum-
mary statistics for those subsets and use those summary statistics as target for parameter estimation
and model selection with ABC.

This vignette also teaches users how to simulate Pool-seq data under pre-defined models. Note that
the simulation of Pool-seq data requires functions included in the poolHelper package. We then
exemplify how the imported data and the simulated data can be used to perform parameter inference.
The poolABC package allows the use of genome-wide multilocus data for ABC by using multiple
subsets of simulated and observed loci.

Briefly, we obtain one set of summary statistics for each set of simulated loci and for each random
subset of observed data. Each set of summary statistics computed from a unique subset of observed
data is used as an independent target for parameter estimation. Thus, with the poolABC package,
users obtain one posterior distribution, for each parameter of interest and for each subset of observed
loci. Then, our package allows users to combine those multiple posteriors to obtain a single estimate
per parameter. This merging is performed with the Epanechnikov kernel and weighting according
to the distance between the mean summary statistics of a subset of loci and the mean across the
genome, giving more weight to subsets of loci with a mean closer to the overall mean. Finally, the
poolABC package also includes functions to compute point estimates and produce plots of those

merged posterior distributions.
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A4 - Import dataset

This package uses pooled sequencing data stored on _rc format files. These _rc files are created
by running the SNP-frequency-diff.pl function of popoolation2. Briefly, this is an example

of a typical _rc file with only two populations:

data.frame(chr=c("NC297", "NC297"), pos=c(3530, 5450), rc=c("A", "T"),
allele count=2, allele states=c("A/G", "T/A"), deletion_sum=0,
snp_type="pop", major_alleles=c("AA","TT"),
minor_alleles=c("GG", "AN"), maa_1=c("54/55", "51/54"),
maa_2=c("76/78", "96/96"), mia_1=c("1/55", "3/54"),
mia_2=c("2/78", "0/96"))

More information about these files can be found at: https://sourceforge.net/p/popoolation2/wiki/
Main/

If you have your data in _rc files in a folder of your computer, you can simply use the

importContigs function.

# load multiple files and organize information by contig

files <- importContigs(path = "/home/myawesomedata", pops = c(1, 4, 7, 10))

The path input of this function indicates the path to the folder where the _rc files are located. By
default, the importContigs function will import all files present in the folder that include the _rc
pattern in their name. The index of populations to import is defined by the pops input argument.
For instance, the input pops = c(1, 4, 7, 10) will import the major and minor allele for the

first, fourth, seventh and tenth population in the _rc files.

The importContigs function also includes several optional input arguments. The files input
argument allows you to specify the index of the files to import. For instance, by setting files =
1:5, only the first five files listed in the output of 1ist.files(path = path) will be imported.
Additionally, specific contigs can be removed from the data by adding their names to the remove

input argument.

The min.minor input argument allows you to filter the data by the number of minor allele reads.
For instance, if min.minor = 2 all sites where the total number of minor allele reads across all
populations of the pops input argument is below 2, will be removed from the data. Alternatively, by
setting filter = TRUE, you can filter the data by the frequency of the minor allele. When filter
= TRUE, the user can define a threshold for the minimum allowed frequency of the minor allele.

If no threshold is defined, the importContigs function will assume that at least one minor allele
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read per site should exist. Finally, it is possible to include an header when importing the data. This

header can be created with the createHeader function.

A4 - Random subset of loci

Random windows of a given size (in base pairs) can be selected from the imported data with the
pickWindows function. The data imported with the importContigs function is a list with all the
elements required for the pickWindows function. You can assign each of those list elements to an

individual object or use them directly as input argument of the pickWindows function.

# randomly select blocks of a given size from several contigs
blocks <- pickWindows(freqs, positions, range, rMajor, rMinor, coverage,
window = 1000, nLoci = 100)

With this function, users can randomly select a subset of the complete pooled sequencing data at
their disposal. More specifically, the pickWindows function allows users to randomly select nLoci
blocks of window size (in base pairs) from the data imported in the previous section. In other words,
this function will randomly select select nLoci contigs and then select one random block with a user

defined size (defined by the window input) per contig.

A4 - Compute stats for observed data

The next step is the computation of a set of summary statistics from the observed data. To compute
summary statistics from the observed data, we can use the statsContig function. This function
will compute the same set of summary statistics used in the simulations from the multiple random

subset of loci obtained in the previous step.

# compute a set of observed summary statistics

obs <- statsContig(randomWindows=blocks, nPops=4, stat.names=stat.names)

Note that we are using the blocks object created with the pickWindows function as the
randomWindows input argument. The statsContig function will compute summary statistics
from those randomly selected blocks of observed data. Also, the use of names for the summary
statistics is strongly recommended. To ensure that the set of observed summary statistics is
named, we should obtain the name of the simulated summary statistics and include those in the

stat.names input argument of the statsContig function.
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A4 - Simulate data for two or four-population models

With this package, you also have the ability to simulate pooled sequencing data under three differ-
ent models by using the poolSim function. The model input argument allows the user to define
which model to simulate. At the moment, this package includes three different models: an isolation
with migration model with two populations, a model representing a single origin of two divergent

ecotypes and a third model representing a parallel origin of those ecotypes.

To simulate data using the two populations model, you have to define the mean depth of coverage
and the variance of the coverage for those two populations. You also need to create a list with the
number of individuals per pool and per population. In the next chunk, you can see how to simulate
data using this model:

# set the mean and wvariance of the coverage

sMean <- c(84.34, 66.76); sVars <- c(1437.22, 912.43)

# create a list containing the information of the pool sizes by population
size <- rep(list(rep(10, 10)), 2)

# run simulation for a two-populations model

sims <- poolSim(model="2pops", nDip=200, nPops=2, nLoci=100, nSites=2000,
mutrate=2e-8, size=size, mean=sMean, variance=sVars,
minimum=15, maximum=180, min.minor=1, Nref=c(25000, 25000),
ratio=c(0.1, 3), pool=c(5, 180), seq=c(0.0001, 0.001),
split=c(0, 3), CW=c(le-13, 1e-3), WC=c(le-13, le-3),
bT=c(0, 0.5))

The poolSim function requires several input arguments, that are explained in detail in the help
page of the function. However, note that most of those input arguments define the minimum and
maximum values for a variety of relevant parameters. To simulate data using a four populations
model:

# set the mean

sMean <- c(84.34, 66.76, 65.69, 68.83)

# and wvartance of the coverage

sVars <- c(1437.22, 912.43, 848.02, 1028.23)

# create a list containing the information of the pool sizes by population
size <- rep(list(rep(5, 20)), 4)
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# run simulation for a four-populations model

sims <- poolSim(model="Single", nDip=400, nPops=4, nLoci=100, nSites=2000,
mutrate=2e-8, size=size, mean=sMean, variance=sVars,
minimum=15, maximum=180, min.minor=2, Nref=c(25000, 25000),
ratio=c(0.1, 3), pool=c(5, 180), seq=c(0.0001, 0.001),
split=c(0, 3), CW=c(le-13, 1le-3), WC=c(le-13, le-3),
CC=c(1le-13, 1e-3), WW=c(le-13, 1e-3), ANC=c(le-13, 1e-3),
bT=c(0, 0.5), bCW=c(0, 0.5), bWC=c(0, 0.5))

A4 - multiple simulations

The poolSim function can be used to perform a single simulation. However, most of the times, you
will want to perform thousands of simulations. One way to accomplish this is to use replicate

function together with our poolSim function. We recommend that you do the following:

# set the mean and variance of the coverage

sMean <- c(84.34, 66.76); sVars <- c(1437.22, 912.43)

# create a list containing the information of the pool sizes by population
size <- rep(list(rep(5, 20)), 2)

# define how many simulations to rTun

nSims <- 10

# run one batch of simulations
sims <- t(replicate(n=nSims,
unlist (poolSim(model="2pops", nDip=200, nPops=2,

nLoci=100, nSites=1000, mutrate=2e-8,
size=size, mean=sMean, variance=sVars,
minimum=20, maximum=185, min.minor=2,
Nref=c (25000, 25000), ratio=c(0.1, 3),
pool=c(5, 180), seq=c(0.0001, 0.001),
split=c(0, 3), CW=c(le-13, 1e-3),
WC=c(1le-13, 1e-3), bT=c(0, 0.5)))))
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By using the replicate function, you can perform multiple simulations. By unlisting and then
transposing the output of those simulations, you obtain a matrix where each row corresponds to a

different simulation and each column is a different parameter or summary statistic.

A4 - Perform parameter estimation

The observed summary statistics computed in the previous sections and the simulations performed
in the previous one can then be used to perform parameter estimation with Approximate Bayesian
Computation (ABC).

We included with this package a small dataset simulated under the two populations model. This
includes one matrix (sumstats) with the summary statistics computed from the simulated data,
one matrix (params) with the simulated parameter values and a final matrix (1imits) with the

minimum and maximum value of the prior distribution for each parameter.

# load the data tncluded in the package

data("sumstats"); data("params"); data("limits")

The poolABC package aims at streamlining the process of parameter inference with Pool-seq data.

One of the key components of that design is the ABC function.

By using this function, users can simultaneously perform parameter estimation with ABC for mul-
tiple targets. The ABC function requires the data, imported with the importContigs function and
then uses both the pickWindows and statsContig functions to select multiple random subset of
loci from the observed data and compute a set of observed summary statistics for each of those
subsets. Thus, for each subset of loci we obtain a vector of summary statistics and each vector acts

as an independent target for parameter estimation. The ABC function can be used by doing:

# parameter estimation with ABC function

myabc <- ABC(nPops=2, ntrials=10, freqs=freqs, positions=positions,
range=range, rMajor=rMajor, rMinor=rMinor, coverage=coverage,
window=1000, nLoci=100, limits=limits, params=params,

sumstats=sumstats, tol=0.01, method="regression")

The ntrials input argument defines the number of independent targets for parameter estimation. In
this example, we are performing parameter inference for 10 different targets. Each of those targets
was obtained by computing summary statistics from windows of 1000 base pairs (window = 1000)

from 100 (nLoci = 100) randomly selected contigs of the observed data.
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Note that you should define the method and tolerance rate, tol, to use. The tol is defined as
the percentage of accepted simulation. You should strive to keep a low tolerance rate, to avoid
accepting simulations that are too distant from the observed data, but it is also important to avoid
very stringent tolerance rates that may lead to few accepted values. A typical value of tol = 0.01
or tol = 0.05 is recommended but you should test different tol values in the cross-validation

analysis (see more in subsequent sections).

This package implements two ABC algorithms for constructing the posterior distribution from the
accepted simulations: a rejection method and a regression-based correction using a local linear
regression. When method is “rejection”, simulations are accepted if the Euclidean distance be-
tween the set of summary statistics computed from the simulated data and the target is sufficiently
small and these accepted simulations are considered a sample from the posterior distribution. When
method is “regression”, an additional step is used to correct for the imperfect match between the
summary statistics computed from the simulated data and the summary statistics computed from
the observed data. For this reason, we recommend that you select the regression method because it

will, most often than not, lead to more precise parameter estimates.

A4 - Merge multiple posteriors

After using the ABC function to perform parameter estimation with Approximate Bayesian Compu-
tation for several targets, we need to merge the multiple posteriors obtained (one for each target)

into a single posterior per parameter.

This can be performed with the mergepost function. One of the required input arguments of this
function is the global input. This input should be a vector with the observed summary statistics
computed from the entire dataset. We recommend that you use the pickWindows function to select
a large number of loci and then use that random selection as the input argument of the statsContig

function.

# load multiple files and organize information by contig

blocks <- pickWindows(freqs = freqs, positions = positions, range = range,

rMajor = rMajor, rMinor = rMinor, coverage = coverage,

1000, nLoci = 800)

window

# compute a set of summary statistics from the observed data

global <- statsContig(randomWindows=blocks, nPops=2, stat.names=stat.names)
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The global vector can then be used in the mergepost function. The remaining required input ar-
guments are the matrix with the target for the parameter inference and the list containing the
posteriors (post) for each target and parameter. It is also possible to include the regression weights

in the wtreg option.

# merge posterior distributions
myabc <- mergepost(target = myabc$target, global = global,
post = myabc$adjusted, wtreg = myabc$weights)

Briefly, this function will merge the different posteriors into a single one, using different weighting
methods for the merging. Details about the various elements of the mergepost output can be found
in the help page of the function. Note that the merge, weighted, merge_reg and weighted_reg
entries contain, for each parameter, a locfit object, obtained after merging the multiple posteri-
ors using the corresponding method. The merged_stat, weighted_stat, merge reg stat and

weighted_reg_stat are the posterior point estimates for the corresponding merging method.

A4 - Posterior point estimates and plots

Users can then plot the resulting merged posterior distribution with the plot_weighted function.
You should include your matrix with the simulated parameter values in the prior input argument of
this function to also plot the prior distribution of the chosen parameter. This allows for a comparison,

in the same plot, of the prior and posterior shape.

You should include the output of the mergepost function as the merged_posterior input argument
and a matrix with the 1imits of the prior distribution for each parameter. Then, you just need to

define which parameter to plot with the index input argument.

# plot the density estimation of a parameter

plot_weighted(prior=params, merged_posterior=myabc, limits=limits, index=2)

The plot_weighted function plots the posterior density of the chosen parameter, together with the

prior distribution of the same plot.
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A4 - Model selection

The poolABC package also allows users to perform model selection by estimating the posterior
model probabilities, comparing two scenarios of ecotype formation: the single and the parallel

origin scenario. The modelSelect function can be used to perform model selection with ABC.

One of the required input arguments of the modelSelect function is the index. This is a vector of
model indices that should have the same length as nrow(sumstats) to indicate to which model
a particular row of sumstats belongs. The remaining input arguments are explained in the help
page of the function. As before, you should also define the tolerance rate (tol) and the method to
use. A tolerance of 0.01 and the “regression” method are recommended.

# create a vecto of model indices

index <- c(rep('"modell", nrow(sumstats)/2), rep('"model2", nrow(sumstats)/2))
# select a random stimulation to act as target

target <- sumstats[10, ]

# perform model selection with ABC

mysel <- modelSelect(target = target, index = index, sumstats = sumstats,

tol = 0.1, method = "regression")

# display the structure of the mysel object

str (mysel)

#> List of 6

#> & method : chr "regression”

#> & indices: Factor w/ 2 levels "modell","model2": 1 1 1 1 1111 11

#> $ pred : 'table’ num [1:2(1d)] 0.541 0.459

#>  ..- attr(*, "dimnames")=List of 1

#> .. ..$ : chr [1:2] "modell" "model2"

#> $ ss : mum [1:1000, 1:14] 0 0.0106 0.00118 0.01243 O ...
#> ..— attr(*, "dimnames")=List of 2

#> .. ..%$ : NULL

#> .. ..$ : chr [1:14] "Sf" "Szi" "Sz2" "SS" ...

# 8 wetghts: num [1:1000] 0.2723 1 0.0146 0.0171 0.3713 ...
#> & mmodels: Named int [1:2] 5000 5000
#> ..— attr(*, "names")= chr [1:2] "modell" "model2"
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The output of the modelSelect function is a list with six entries. To quickly view the results of the
model selection, you can use the summary _modelSelect function. This function will provide an
easy to read display of the posterior model probabilities and Bayes factors. The only required input
argument of the summary_modelSelect function is the object created with the the modelSelect

function.

# check results of model selection

msel <- summary_modelSelect(object = mysel)

#> Data:

#> results based on 1000 posterior samples
#>

#> Models a priori:

#> modell, model2

#>

#> Models a posteriori:

#> modell, model2

#>

#> Proportion of accepted simulations (rejection):
#> modell modelZ2

#> 0.51  0.49

#>

#> Posterior model probabilities (mnlogistic):
#> modell modelZ

#> 0.541 0.459

As you can see, by running the summary.modelSelect function we get an output with the propor-
tion of accepted simulation for each model under a rejection method and posterior model probabil-
ities under the regression method. If we print the object itself

# print results of model selection
msel

#> $rejection

#> $rejection$Probd

#> modell modelZ

#> 0.51 0.49

#>

#> $rejection$BayesF

#> modell modelZ2
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#> modell 1.0000000 1.040816
#> model2 0.9607843 1.000000
#>

#>

#> $mnlogistic

#> $mnlogistic$Prob

#> modell modelZ2

#> 0.5406397 0.4593603

#>
#> $mnlogistic$BayesF
#> modell model2

#> modell 1.0000000 1.176941
#> model2 0.8496605 1.000000

we can also see the Bayes factors between pairs of models for both the rejection and the regression

methods.

A4 - Cross validation for Approximate Bayesian Computation

A fundamental part of any ABC analysis is the validation of the results obtained in the parame-
ter estimation and model selection steps. The poolABC package includes tools to perform cross
validation for both analysis, computing prediction errors for both parameter inference and model

selection.

A4 - Parameter inference

One important component of this validation process is the calculation of prediction errors for each
parameter. This allows us to evaluate the confidence of the estimates and the effect of various point

estimates and/or tolerance rates.

To perform a leave-one-out cross validation for ABC, you can use the simulationABC function.
This functions requires the simulated parameter values, params, the simulated summary statistics,
sumstats and a matrix with the 1imits of the prior distributions. You should also define the size
of the cross-validation sample, nval, the tolerance rate, tol, and the type of ABC algorithm to be

applied in the method input.
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# perform an Approximate Bayesian Computation simulation study
mycv <- simulationABC(params = params, sumstats = sumstats, limits = limits,

nval = 100, tol = 0.01, method = "regression")

# display the structure of the mycv object

str(mycv, max.level = 2)

#> List of 3

#> § true: num [1:100, 1:8] 0.163 1.902 1.821 0.225 0.375 ...

#> ..— attr(*, "dimnames")=List of 2

#> $ rej :List of 4

#> ..$ mode : mum [1:100, 1:8] 0.099 3 1.873 0.186 0.25 ...

#> .. ..- attr(*, "dimnames")=List of 2

#> ..$ median: num [1:100, 1:8] 0.579 1.725 1.906 0.216 0.326 ...
#> .. ..— attr(*, "dimnames")=List of 2

#> ..$ mean : num [1:100, 1:8] 0.681 1.798 1.895 0.267 0.381

#> .. ..- attr(*, "dimnames")=List of 2

#>  ..% error : num [1:3, 1:8] 0.443 0.246 0.227 0.405 0.292 ...
#> .. ..— attr(*, "dimnames")=List of 2

#> $§ reg :List of 4

#> ..$ mode : mum [1:100, 1:8] 0.163 2.576 2.018 0.25 0.337 ...
#> .. ..- attr(*, "dimnames")=List of 2

#> ..$ median: num [1:100, 1:8] 0.167 2.386 2.067 0.268 0.365 ...
#> .. ..— attr(*, "dimnames")=List of 2

#> ..$ mean : num [1:100, 1:8] 0.171 2.295 2.082 0.279 0.381

#> .. ..- attr(*, "dimnames")=List of 2

#> ..$ error : num [1:3, 1:8] 0.245 0.209 0.188 0.173 0.149 ...
#> .. ..— attr(*, "dimnames")=List of 2

The output of the simulationABC function is a list with three elements. Details about each list
element are available in the help page of the function. A quick way to visualize the results of the

leave-one-out cross validation is to plot the the cross-validation results.

The poolABC package includes the plot_errorABC function to allow this visual evaluation of the
quality of the estimation. This function requires as input the output of the simulationABC function.
Additionally, you need to define the ABC algorithm (either “reg” for regression or “rej” for rejection)

and which point estimate (“mode”, “median” or “mean”) to plot. You should also define which

parameter to plot, by selecting the corresponding index.

214



# plot the prediction errors

plot_errorABC(x = mycv, method = "reg", statistic = "median", index = 1)

Prediction error for N1

estimated value of the parameter

0 1 2 3

true value of the parameter

This produces a plot with the true parameter value in x-axis and the estimate value of the parameter in

the y-axis. The closer the points are to the diagonal line, the higher is the accuracy of the estimation.

A4 - Model selection

It is also possible to evaluate how much confidence we should place in the model selection results
by performing a leave-one-out cross validation for model selection with ABC via subsequent calls

to the function modelSelect.

Briefly, several simulations from each model are selected to act as validation simulations, while the
remaining simulations are used as training simulations. For each validation simulation, the function

modelSelect is called to estimate the posterior model probabilities.

# perform a leave-one-out cross walidation for model selection
modelSim <- sim_modelSel (index=index, sumstats=sumstats, nval=100, tol=0.1)
# display the structure of the modelSim object

str(modelSim, vec.len=2, list.len=2)
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#>
#>
#>
#>
#>

List of 6
$ cusamples : Named int [1:200] 3675 2098 2719 2819 2408 ...
.— attr(*, "names'")= chr [1:200] "modelll" "model1l2" ...
$ true : chr [1:200] "modell" "modell" ...
[list output truncated]

The output of this leave-one-out cross validation for model selection is a list with 5 different ele-

ments that can be used in the error_modelSel function to compute the confusion matrix and the

mean misclassification probabilities of models.

Users can also define a threshold for the posterior model probabilities. This threshold corre-

sponds to the minimum posterior probability of assignment. Thus, a simulation where the posterior

probability of any model is below the threshold will not be assigned to a model and will instead be

classified as unclear.

# compute the mean misclassification probabilities

mselError <- error_modelSel(object = modelSim)

#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>
#>

Confusion matriz based on 100 samples for each model
modell model2

modell ] 49

model2 53 47

Mean model posterior probabilities (mnlogistic)
modell model2

modell 0.495 0.505

model2 0.503 0.497

Posterior probabilities of correctly assigned modell models

modell imncorrect
0.534 0.466

Posterior probabilities of correctly assigned model2 models

incorrect model2
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#> 0.462 0.538

#>

#> Posterior probabilities when modell is estimated as modelZ
#>

#> modell model2

#> 0.455 0.545

#>

#> Posterior probabilities when model2 is estimated as modell
#>

#> modell modelZ2

#> 0.54 0.46

The error_modelSel function outputs the confusion matrix and the mean model posterior proba-
bilities obtained with the regression method. It will also output other useful information such as the
mean posterior probability of correctly assigned models and the mean posterior probability when
each model is not correctly assigned. For a more visual interpretation of these results, it is also
possible to display a barplot of the model misclassification. By using the plot_msel function we

can plot the confusion matrix, either in colour (if color = TRUE) or in grey (if color = FALSE).

# display a barplot of model misclassification

plot_msel(object = mselError)

100

" modell
. model2

modell model2
model

Using the output of the error_modelSel function as the input of the plot_msel function, we can

produce this barplot showing the proportion of simulations classified to any of the models.
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ABC

ABC Parameter estimation with Approximate Bayesian Computation with
several targets

Description

Perform multivariate parameter estimation based on summary statistics using an Approximate Bayesian
Computation (ABC) algorithm. This function always uses a rejection sampling algorithm while a
local linear regression algorithm might or might not be used.

Usage

ABC(
nPops,
ntrials,
fregs,
positions,
range,
rMajor,
rMinor,
coverage,
window,
nLoci,
limits,
params,
sumstats,
tol,
method,
parallel = FALSE,
ncores = NA

)
Arguments

nPops is an integer indicating how many different populations are present in the dataset
you are analysing.

ntrials indicates how many different trials should be performed. Each trial corresponds
to a different target for the parameter estimation.

fregs is a list containing the allelic frequencies. Each entry of that list should represent
a different contig and be a matrix where each row corresponds to a different site
and each column to a different population.

positions is a list containing the position of the SNPs. Each entry should represent a
different contig and be a vector containing the position of each SNP present in
the contig.
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range

rMajor

rMinor

coverage

window

nLoci

limits

params

sumstats

tol

method

parallel

ncores

Details

ABC

is a list containing the range of the contig. Each entry should represent a dif-
ferent contig and be a vector with two entries: the first detailing the minimum
position of the contig and the second the maximum position of the contig.

a list containing the number of major allele reads. Each entry should represent
a different contig. For each contig (matrix), each row should be a different site
and each column a different population.

a list containing the number of minor allele reads. Each entry should represent
a different contig. For each contig (matrix), each row should be a different site
and each column a different population.

is a list containing the depth of coverage. Each entry should represent a different
contig and be a matrix with the sites as rows and the different populations as
columns.

is a non-negative integer indicating the size, in base pairs, of the block of the
contig to keep.

is a non-negative integer indicating how many different contigs should be kept
in the output. If each randomly selected window is a different loci, then how
many different window should be selected?

is a matrix with two columns and as many rows as there are parameters. Each
row should contain the minimum value of the prior for a given parameter in the
first column and the maximum value in the second column.

is a vector or matrix of simulated parameter values i.e. numbers from the simula-
tions. Each row or vector entry should be a different simulation and each column
of a matrix should be a different parameter. This is the dependent variable for
the regression, if a regression step is performed.

is a vector or matrix of simulated summary statistics. Each row or vector en-
try should be a different simulation and each column of a matrix should be a
different statistic. These act as the independent variables if a regression step is
performed.

is the tolerance rate, indicating the required proportion of points accepted nearest
the target values.

either rejection or regression indicating whether a regression step should be
performed during ABC parameter estimation.

logical, indicating whether this function should be run using parallel execution.
The default setting is FALSE, meaning that this function will utilize a single
core.

a non-negative integer that is required when parallel is TRUE. It specifies the
number of cores to use for parallel execution.

To use this function, the usual steps of ABC parameter estimation have to be performed. Briefly,
data should have been simulated based on random draws from the prior distributions of the param-
eters of interest and a set of summary statistics should have been calculated from that data. This
function requires as input the observed data and computes the same set of summary statistics from
that observed data. Multiple sets of observed summary statistics are computed from ntrials sets
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of nLoci blocks of size window. Parameter estimation is performed for each one of those sets of
observed summary statistics i.e. each set corresponds to a different target.

After computing this set of observed summary statistics, a simple rejection is performed by calling
the rejABC() function. In this step, parameter values are accepted if the Euclidean distance between
the set of summary statistics computed from the simulated data and the set of summary statistics
computed from the observed data is sufficiently small. The percentage of accepted simulations is
determined by tol.

When method is regression , a local linear regression method is used to correct for the imperfect
match between the summary statistics computed from the simulated data and the summary statistics
computed from the observed data. The output of the rejABC() function is used as the input of the
regABC() function to apply this correction. The parameter values accepted in the rejection step
are weighted by a smooth function (kernel) of the distance between the simulated and observed
summary statistics and corrected according to a linear transformation.

Value

a list with seven different entries.

target observed summary statistics.

Ss set of accepted summary statistics from the simulations.

unadjusted parameter estimates obtained with the rejection sampling.

adjusted regression adjusted parameter values.

predmean estimates of the posterior mean for each parameter.

weights regression weights.

position position of each SNP used for calculating the observed summary statistics.
See Also

For more details see the poolABC vignette: vignette("poolABC", package = "poolABC")

Examples

# Note that this example is limited to a few of the options available
# you should check the poolABC vignette for more details

# this creates a variable with the path for the toy example data
mypath <- system.file('extdata', package = 'poolABC')

# import data for two populations from all files
mydata <- importContigs(path = mypath, pops = c(8, 10))

# to perform parameter inference for two populations using the rejection method

# and with a tolerance of 0.01

myabc <- ABC(nPops = 2, ntrials = 10, freqs = mydata$freqgs, positions = mydata$positions,
range = mydata$range, rMajor = mydata$rMajor, rMinor = mydata$rMinor, coverage = mydata$coverage,
window = 1000, nLoci = 4, limits, params, sumstats, tol = 0.01, method = "rejection")

# the previous will perform parameter inference for 10 different targets (ntrials = 100)

222



cleanData

# each of those trials will be comprised of 4 loci, each with 1000 base pairs

# to perform parameter inference for two populations using the regression method

# and with a tolerance of 0.01

myabc <- ABC(nPops = 2, ntrials = 10, freqs = mydata$freqgs, positions = mydata$positions,
range = mydata$range, rMajor = mydata$rMajor, rMinor = mydata$rMinor, coverage = mydata$coverage,

window = 1000, nLoci = 4, limits, params, sumstats, tol = .01, method = "regression")
cleanData Import and clean a single file containing data in popoolation?2 format
Description

Imports data for two or four populations from a single file containing data in the rc format. The
data is then split so that the number of major-allele reads, minor-allele reads, total depth of coverage
and remaining relevant information are kept on separate matrices.

Usage

cleanData(file, pops, header = NA, remove = NA, min.minor = NA)

Arguments
file is a character string indicating the path to the file you wish to import.
pops is a vector with the index of the populations that should be imported. This
function works for two or four populations and so this vector must have either
length 2 or 4.
header is a character vector containing the names for the columns. If set to NA (default),
no column names will be added to the output.
remove is a character vector where each entry is a name of a contig to be removed. These
contigs are, obviously, removed from the imported dataset. If NA (default), all
contigs will be kept in the output.
min.minor what is the minimum allowed number of reads with the minor allele across all
populations? Sites where this threshold is not met are removed from the data.
The default (NA) means that no sites will be removed because of their number
of minor-allele reads.
Details

The information in the rc format is stored in a x/y format, where x represents the observed reads
and the y is the coverage. The initial step of this function splits this string to separate the number of
reads from the total coverage. Then, the number of major plus minor allele reads is compared to the
total coverage and sites where both values are not equal are removed from the dataset. Additionally,
sites where any of the populations has an N as the reference character of their major allele, are
removed from the data. This function also ensures that the major allele is the same and the most
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frequent across all populations. Finally, if the min.minor input is supplied, sites where the total
number of minor-allele reads is below the specified number, will be removed from the data set.

Note also that all non biallelic sites and sites where the sum of deletions in all populations is not
zero will be removed from the dataset. Although this function can only import 2 or 4 populations at
the time, it is possible to define which two or four populations to import. For instance, if we define
the first population as the first column for which we have data in the x/y format, then you could
wish to import the data for the 5th and 6th populations, defined as the populations in the 6th and 7th
columns. To do so, you should define the pops input as pops = c(5, 6).

Value

a list with the following elements:

rMajor a matrix with the number of major-allele reads. Each row of this matrix is a
different site and each column a different population.

rMinor a matrix with the number of minor-allele reads. Each row of this matrix is a
different site and each column a different population.

coverage a matrix with the total coverage. Each row of this matrix is a different site and
each column a different population.

info a data frame with 5 different columns containing: the contig name, the SNP
position, the reference character of the SNP and the reference character of the
major and minor allele for each of the populations. Each row of this data frame
corresponds to a different site

Examples

# load the data from one rc file

data(rcl)

# clean and organize the data in this single file
cleanData(file = rcl1, pops = 7:10)

cmd2pops Create SCRM command line for a model with two populations

Description

This function creates a command line tailored for an isolation with migration model with two pop-
ulations. The command line can then be fed to the scrm package to run the model.

Usage

cmd2pops (parameters, nSites, nLoci, nDip, mutrate, extra = FALSE)
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Arguments

parameters

nSites
nLoci

nDip

mutrate

extra

Value

cmdParallel

A vector where each entry corresponds to a different parameter, e.g. one entry is
the size of the reference population, another is the time of recent split, etc. Please
note that this functions depends on the ordering of the parameters in the vector
and thus, it should only be used with a vector created with the createParams
function.

An integer representing the number of base pairs that each locus should have.
An integer that represents how many independent loci should be simulated.

An integer representing the total number of diploid individuals to simulate. Note
that scrm actually simulates haplotypes, so the number of simulated haplotypes
is double of this. Also note that this is the total number of diploid individuals
and this function will distribute the individuals equally by the two populations.

A number representing the mutation rate assumed for the simulations.

is a logical value indicating whether the required number of loci should be en-
forced. The default is FALSE but, if set to TRUE, then additional loci will be
simulated. These additional loci are simulated to try to have sufficient loci to
keep the required number of loci after filtering.

a character vector with two entries. The first entry is the scrm command line for the loci without
any barriers against migration, while the second entry is the scrm command line for the loci without
migration between divergent ecotypes.

Examples

# create a vector with parameter values for a two populations model

params <- createParams(Nref = c(25000, 25000), ratio = c(0.1, 3), pool = c(5, 250),
seq = c(0.0001, 0.001), split = c(0, 3), CW = c(1e-13, 1e-3), WC = c(le-13, 1e-3),
bT = c(@, 0.2), model = "2pops")

# create the command line for the scrm package
cmd2pops(parameters = params, nSites = 2000, nlLoci = 100, nDip = 100, mutrate = 2e-8)

cmdParallel

Create SCRM command line for a parallel origin scenario

Description

This function creates a command line tailored for a scenario of parallel origin to explain ecotype
formation. The command line can then be fed to the scrm package to run the model.

Usage

cmdParallel (parameters, nSites, nLoci, nDip, mutrate, extra = FALSE)
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Arguments
parameters A vector where each entry corresponds to a different parameter, e.g. one entry is
the size of the reference population, another is the time of recent split, etc. Please
note that this functions depends on the ordering of the parameters in the vector
and thus, it should only be used with a vector created with the createParams
function.
nSites An integer representing the number of base pairs that each locus should have.
nLoci An integer that represents how many independent loci should be simulated.
nDip An integer representing the total number of diploid individuals to simulate. Note
that scrm actually simulates haplotypes, so the number of simulated haplotypes
is double of this. Also note that this is the total number of diploid individuals
and this function will distribute the individuals equally by the two populations.
mutrate A number representing the mutation rate assumed for the simulations.
extra is a logical value indicating whether the required number of loci should be en-
forced. The default is FALSE but, if set to TRUE, then additional loci will be
simulated. These additional loci are simulated to try to have sufficient loci to
keep the required number of loci after filtering.
Details

For convenience, imagine we have two divergent ecotypes, named C and W. This model assumes
that the first population corresponds to the C ecotype at the first location, the second population to
the W ecotype in the first location, the third population to the C ecotype in the second location and
the fourth population to the W ecotype in the second location.

Value

a character vector with four entries. The first entry is the scrm command line for the loci without
any barriers against migration. The second entry is the command line for the loci without migration
from the C towards the W ecotype. The third entry is command line for the loci without migration
from the W towards the C ecotype and the last entry is the scrm command line for the loci without
migration between divergent ecotypes.

Examples

# create a vector with parameter values for the parallel origin scenario

params <- createParams(Nref = c(25000, 25000), ratio = c(@.1, 3), pool = c(5, 250),
seq = ¢c(0.0001, 0.001), split = c(0, 3), CW = c(1e-13, 1e-3), WC = c(le-13, 1e-3),
CC = c(1e-13, 1e-3), WNW = c(1e-13, 1e-3), ANC = c(1e-13, 1e-3), bT = c(0, 0.2),
bCW = c(@, 0.5), bWC = c(@, 0.5), model = "Parallel”)

# create the command line for the scrm package
cmdParallel (parameters = params, nSites = 2000, nLoci = 100, nDip = 400, mutrate = 2-8)
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cmdSingle

Create SCRM command line for a single origin scenario

Description

This function creates a command line tailored for a scenario of single origin to explain ecotype
formation. The command line can then be fed to the scrm package to run the model.

Usage

cmdSingle(parameters, nSites, nLoci, nDip, mutrate, extra = FALSE)

Arguments

parameters

nSites
nLoci

nDip

mutrate

extra

Details

A vector where each entry corresponds to a different parameter, e.g. one entry is
the size of the reference population, another is the time of recent split, etc. Please
note that this functions depends on the ordering of the parameters in the vector
and thus, it should only be used with a vector created with the createParams
function.

An integer representing the number of base pairs that each locus should have.
An integer that represents how many independent loci should be simulated.

An integer representing the total number of diploid individuals to simulate. Note
that scrm actually simulates haplotypes, so the number of simulated haplotypes
is double of this. Also note that this is the total number of diploid individuals
and this function will distribute the individuals equally by the two populations.

A number representing the mutation rate assumed for the simulations.

is a logical value indicating whether the required number of loci should be en-
forced. The default is FALSE but, if set to TRUE, then additional loci will be
simulated. These additional loci are simulated to try to have sufficient loci to
keep the required number of loci after filtering.

For convenience, imagine we have two divergent ecotypes, named C and W. This model assumes
that the first population corresponds to the C ecotype at the first location, the second population to
the C ecotype in the second location, the third population to the W ecotype in the first location and
the fourth population to the W ecotype in the second location.

Value

a character vector with four entries. The first entry is the scrm command line for the loci without
any barriers against migration. The second entry is the command line for the loci without migration
from the C towards the W ecotype. The third entry is command line for the loci without migration
from the W towards the C ecotype and the last entry is the scrm command line for the loci without
migration between divergent ecotypes.
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Examples

# create a vector with parameter values for the single origin scenario

params <- createParams(Nref = c(25000, 25000), ratio = c(0.1, 3), pool = c(5, 250),
seq = c(0.0001, 0.001), split = c(@, 3), CW = c(1e-13, 1e-3), WC = c(le-13, 1e-3),
CC = c(le-13, 1e-3), WW = c(le-13, 1e-3), ANC = c(1e-13, 1e-3), bT = c(0, 0.2),
bCW = c(@, 0.5), bWC = c(@, 0.5), model = "Single")

# create the command line for the scrm package
cmdSingle(parameters = params, nSites = 2000, nLoci = 100, nDip = 400, mutrate = 2-8)

createHeader Create a header for a rc file of popoolation2

Description

Creates a header for files in the rc format of the popoolation2 software. This header can be
applied to a matrix as column names.

Usage

createHeader (nPops)
Arguments

nPops is an integer specifying how many different populations exist in the rc file.
Details

Please note that the first 9 columns are a default output of the popoolation2 software and thus this
functions maintains the same names.

Value

a character vector with the column names for a rc popoolation? file.

Examples

createHeader (nPops = 10)
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createParams

Draw parameters from the priors

Description

This function creates a named vector of parameters that can be used as input in the command line
of the scrm package. Please note that this function needs to be adjusted if you wish to test the effect
of different prior distributions.

Usage

createParams(
Nref,
ratio,
split,
pool,
S€q,
W,
we,
CC = NA,
ww NA,
ANC = NA,
bT,
bCW = NA,
bWC = NA,
model,
digits = 5

Arguments

Nref

ratio

split

pool

The minimum and maximum value of the uniform distribution for the effective
population size of the reference population (Nref).

The minimum and maximum value of the distribution from which the relative
size of the present-day and ancestral populations are drawn. The size of these
populations is set as a ratio of the size of the Nref population. All of these ratios
are drawn from a log10 uniform distribution.

The minimum and maximum values, at the 4Nref scale, of the uniform distri-
bution from which the values of the times of the split events are draw. Both the
time of the recent split event and the distance between the two split events are
drawn from this distribution.

The minimum and maximum values of the uniform distribution from which the
value of the error associated with DNA pooling is drawn. More specifically, this
value is related with the unequal individual contribution to the pool.
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seq The minimum and maximum values of the uniform distribution from which the
value of the error associated with DNA sequencing is drawn. This parameter
should be supplied as a decimal number between zero and one.

cw The minimum and maximum value of the uniform distribution from which the
migration rate between the two divergent ecotypes inhabiting the same location
is drawn. We consider that this parameter is drawn on a m scale. This is the
migration rate from ecotype C to ecotype W.

WC The minimum and maximum value of the uniform distribution from which the
migration rate between the two divergent ecotypes inhabiting the same location
is drawn. We consider that this parameter is drawn on a m scale. This is the
migration rate from ecotype W to ecotype C.

CC The minimum and maximum value of the uniform distribution from which the
migration rate between similar ecotypes inhabiting different locations is drawn.
We consider that this parameter is drawn on a m scale. This is the migration
between the two C ecotypes at two different locations.

WW The minimum and maximum value of the uniform distribution from which the
migration rate between similar ecotypes inhabiting different locations is drawn.
We consider that this parameter is drawn on a m scale. This is the migration
between the two W ecotypes at two different locations.

ANC The minimum and maximum value of the uniform distribution from which the
migration rate between the two ancestral populations is drawn. We consider that
this parameter is drawn on a m scale.

bT The minimum and maximum values of the distribution from which the propor-
tion of the simulated loci where no migration occurs between divergent ecotypes
is drawn. The maximum value should not be higher than one.

bCw The minimum and maximum values of the distribution from which the propor-
tion of the simulated loci where no migration occurs from the C ecotype towards
the W ecotype is drawn. The maximum value should not be higher than one.

bWwC The minimum and maximum values of the distribution from which the propor-
tion of the simulated loci where no migration occurs from the W ecotype towards
the C ecotype is drawn. The maximum value should not be higher than one.

model Either 2pops , Single or Parallel indicating for which model should param-
eters be drawn.

digits An optional integer indicating the number of decimal places to use when round-
ing certain parameters. The default is five.
Value

a vector with one named entry per relevant parameter. Each entry is the sampled value from the
prior for that particular parameter.

Examples

# for a model with two populations
createParams(Nref = c(25000, 25000), ratio =c(@.1, 3), pool = c(5, 250), seq = c(0.0001, 0.001),
split = c(0, 3), CW = c(1e-13, 1e-3), WC = c(1e-13, 1e-3), bT = c(0, 0.2), model = "2pops")
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# for a single origin scenario

createParams(Nref = c¢(25000, 25000), ratio =c(@.1, 3), pool = c(5, 250), seq = c(0.0001, 0.001),
split = c(@, 3), CW = c(1e-13, 1e-3), WC = c(le-13, 1e-3), CC = c(le-13, 1e-3),

WW = c(1e-13, 1e-3), ANC = c(le-13, 1e-3), bT = c(0@, 0.2), bCW = c(@, 9.5),

bWC = c(@, 0.5), model = "Single")

error_modelSel Compute error in model selection with Approximate Bayesian Compu-
tation

Description
This function calculates the confusion matrix and the mean misclassification probabilities of models
from the output of the sim_modelSel () function.

Usage
error_modelSel(object, threshold = NA, print = TRUE)

Arguments
object alist created by the sim_modelSel () function, containing results of a simulation
study to evaluate the quality of model selection with Approximate Bayesian
Computation.
threshold numeric value between 0 and 1 representing the minimum posterior probability
of assignment.
print logical, if TRUE (default), then this function prints the mean models probabili-
ties.
Details

It is also possible to define a threshold for the posterior model probabilities. This threshold sets the

minimum posterior probability of assignment. Thus, a simulation where the posterior probability

of any model is below the threshold will not be assigned to a model and will instead be classified as
unclear .

Value

apart from directly displaying the results if print is TRUE, the output object of this function is a list
with the following elements:

confusion.matrix
the confusion matrix.
probs the mean model misclassification probabilities.

postmeans the mean model misclassification probabilities when each model is correctly or
incorrectly estimated.
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Examples

# load the matrix with simulated parameter values
data(sumstats)

# select a random simulation to act as target just to test the function
target <- sumstats[10 ,]

# create a "fake"” vector of model indices

# this assumes that half the simulations were from one model and the other half from other model
# this is not true but serves as an example of how to use this function

index <- c(rep("modell”, nrow(sumstats)/2), rep(”"model2”, nrow(sumstats)/2))

# perform a leave-one-out cross validation of model selection
mysim <- sim_modelSel(index = index, sumstats = sumstats, nval = 10, tol = 0.1)

# compute the confusion matrix and the mean misclassification probabilities
error_modelSel(object = mysim)

forcelLocus Force the simulations to contain the required number of loci

Description

This function attempts to force the required number of loci after the filtering steps are performed.

Usage

forcelLocus(
model,
parameters,
nSites,
nLoci,
nDip,
mutrate,
mean,
variance,
minimum,
maximum,
size,
min.minor

Arguments

model a character, either 2pops , Single or Parallel indicating which model should
be simulated.
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nSites

nLoci

nDip

mutrate

mean

variance

minimum

maximum

size

min.minor

Details

forceLocus

a vector of parameters used to create the command line for the scrm package.
Each entry of the vector is a different parameter. Note that each vector entry
should be named with the name of the corresponding parameter. The output of
the CreateParameters function is the intended input.

is an integer that specifies how many base pairs should scrm simulate, i.e. how
many sites per locus to simulate.

an integer that represents how many independent loci should be simulated.

an integer representing the total number of diploid individuals to simulate. Note
that scrm actually simulates haplotypes, so the number of simulated haplotypes
is double of this. Also note that this is the total number of diploid individuals and
this function will distribute the individuals equally by the simulated populations.

an integer representing the mutation rate assumed for the simulations.

an integer or a vector defining the mean value of the negative binomial distri-
bution from which different number of reads are drawn. It represents the mean
coverage across all sites. If a vector is supplied, the function assumes that each
entry of the vector is the mean for a different population.

an integer or a vector defining the variance of the negative binomial distribution
from which different number of reads are drawn. It represents the variance of
the total coverage across all sites. If a vector is supplied, the function assumes
that each entry of the vector is the variance for a different population.

an integer representing the minimum coverage allowed. Sites where any popu-
lation has a depth of coverage below this threshold are removed from the data.

an integer representing the maximum coverage allowed. Sites where any popu-
lation has a depth of coverage above this threshold are removed from the data.

a list with one entry per population. Each entry should be a vector containing
the size (in number of diploid individuals) of each pool. Thus, if a population
was sequenced using a single pool, the vector should contain only one entry. If a
population was sequenced using two pools, each with 10 individuals, this vector
should contain two entries and both will be 10.

is an integer representing the minimum allowed number of minor-allele reads.
Sites that, across all populations, have less minor-allele reads than this threshold
will be removed from the data.

This is done by simulating extra loci for each of the different types of simulations performed.
The possible types of simulations include loci without barriers against migration between divergent
ecotypes, loci without migration from the C towards the W ecotype, loci without migration from the
W towards the C ecotypes and loci where no migration occurs between divergent ecotypes. Using
this function, more loci than required are simulated for each of those types of simulations.

Then, a coverage-based filter is applied to the data, followed by a filter based on a required number
of minor-allele reads per site. Those filters remove some loci from the data. The extra simulated
loci should allow us to keep the required number of loci per type of simulation even after filtering.
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Value

a list with two names entries

pool a list with three different entries: major, minor and total. This list is obtained by
running the forcePool function.

nPoly a numeric value indicating the mean number of polymorphic sites across all
simulated locus.

Examples

# create a vector with parameter values for a two populations model

params <- createParams(Nref = c(25000, 25000), ratio = c(0.1, 3), pool = c(5, 250),
seq = c(0.0001, 0.001), split = c(0, 3), CW = c(1e-13, 1e-3), WC = c(le-13, 1e-3),
bT = c(@, 0.2), model = "2pops"”)

# simulate exactly 10 loci - using an isolation with migration model with two populations
forceLocus(model = "2pops”, parameters = params, nSites = 1000, nLoci = 10, nDip = 100,
mutrate = 2e-8, mean = c(100, 100), variance = c(250, 250), minimum = 10, maximum = 200,
size = list(50, 50), min.minor = 0)

getmode Calculate the mode of a distribution

Description

Computes and outputs the mode of the input distribution.

Usage

getmode(x, xlim, weights = NULL, alpha = 0.7, precision = 1000)

Arguments

X is a numeric vector containing the values of the distribution.

x1lim is a vector with two entries.The first entry is the minimum of the x distribu-
tion and the second entry is the maximum value of the x distribution. Ideally
these values should be the minimum and maximum value of the prior for this
particular parameter.

weights this is an optional input consisting of a vector with the prior weights for the locfit
function.

alpha numeric value with the alpha parameter of the locfit function. The default value
is 0.7

precision value indicating the number of entries evaluated. The larger the value the higher

the precision. The default value is 1000.
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Details

The locfit::locfit() function is used to fit a local regression to the distribution. The stats: :predict()
function is then used to predict the y-axis values of the locfit and the mode is defined as the value

where that prediction is maximized. Note that if this function is not able to fit a local regression to

the distribution, then the mode of the distribution will be assumed to be equal to the median.

Value

a numeric value of the mode of the input distribution.

Examples

# create a random distribution
X <= rnorm(n = 100, mean = 2, sd = 25)

# compute the mode of the distribution
getmode(x = x, xlim = c(min(x), max(x)))

importContigs Import multiple files containing data in PoPoolation2 format

Description

Imports multiple files containing data in PoPoolation2 format and organize that information into
different entries for each contig.

Usage
importContigs(
path,
pops,
files = NA,
header = NA,

remove = NA,

min.minor = NA,
filter = FALSE,
threshold = NA

)
Arguments
path is a character string indicating the path to the folder where the data you wish to
import is located.
pops is a vector with the index of the populations that should be imported. This
function works for two or four populations and so this vector must have either
length 2 or 4.
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files is an integer or a numeric vector with the index of the files you wish to import.

header is a character vector containing the names for the columns. If set to NA (default),
no column names will be added to the output.

remove is a character vector where each entry is a name of a contig to be removed. These
contigs are, obviously, removed from the imported dataset. If NA (default), all
contigs will be kept in the output.

min.minor what is the minimum allowed number of reads with the minor allele across all
populations? Sites where this threshold is not met are removed from the data.
filter is a logical switch, either TRUE or FALSE. If TRUE, then the data is filtered by

the frequency of the minor allele and if FALSE, that filter is not applied.

threshold is the minimum allowed frequency for the minor allele. Sites where the allelic
frequency is below this threshold are removed from the data.

Details

The data from two or four populations is split so that the number of major-allele reads, minor-allele
reads, total depth of coverage and remaining relevant information are kept on separate list entries.
Sites where the sum of the major and minor allele reads does not match the total coverage and sites
where any population has an N as the reference character of their major allele, are removed from
the data. This function also ensures that the major allele is the same and the most frequent across
all populations. Note also that all non biallelic sites and sites where the sum of deletions in all
populations is not zero will be removed from the dataset.

If the min.minor input is supplied, sites where the total number of minor-allele reads is below the
specified number, will be removed from the data set. Alternatively, if the filter input is set to TRUE,
data will be filtered by the frequency of the minor-allele. If a threshold is supplied, the computed
frequency is compared to that threshold and sites where the frequency is below the threshold are
removed from the dataset. If no threshold is supplied, the threshold is assumed to be 1/total
coverage, meaning that a site should have, at least, one minor-allele read.

Finally, the name of each contig is used to organize the information in a per contig basis. Thus,
each output will be organized by contig. For example, the list with the number of minor-allele reads
will contain several entries and each of those entries is a different contig.

Value

a list with six named entries:

freqgs a list with the allele frequencies, computed by dividing the number of minor-
allele reads by the total coverage. Each entry of this list corresponds to a dif-
ferent contig. Each entry is a matrix where each row is a different site and each
column is a different population.

positions a list with the positions of each SNP. Each entry of this list is a vector corre-
sponding to a different contig.

range a list with the minimum and maximum SNP position of each contig. Each entry
of this list is a vector corresponding to a different contig.

rMajor a list with the number of major-allele reads. Each entry of this list corresponds
to a different contig. Each entry is a matrix where each row is a different site
and each column is a different population.
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rMinor a list with the number of minor-allele reads. Each entry of this list corresponds
to a different contig. Each entry is a matrix where each row is a different site
and each column is a different population.

coverage a list with the total coverage. Each entry of this list corresponds to a different
contig. Each entry is a matrix where each row is a different site and each column
is a different population.

See Also

For more details see the poolABC vignette: vignette("poolABC", package = "poolABC")

Examples

# this function should be used to import your data
# you should include the path to the folder your PoPoolation2 data is

# this creates a variable with the path for the toy example data
mypath <- system.file('extdata', package = 'poolABC')

# an example of how to import data for two populations from all files
importContigs(path = mypath, pops = c(8, 10))

# to remove contigs from the data
importContigs(path = mypath, pops = c(8, 10), remove = "Contigl1708")

index.rejABC Parameter estimation with Approximate Bayesian Computation using
rejection sampling and recording just the index of accepted simula-
tions
Description

This function performs multivariate parameter estimation based on summary statistics using an
Approximate Bayesian Computation (ABC) algorithm. The algorithm used here is the rejection
sampling algorithm. This is a simplified version of the rejABC() function that records only the
index of the accepted simulations.

Usage

index.rejABC(target, params, sumstats, tol)

Arguments
target a vector with the target summary statistics. These are usually the set of observed
summary statistics.
params is a vector or matrix of simulated parameter values i.e. numbers from the sim-

ulations. Each row or vector entry should be a different simulation and each
column of a matrix should be a different parameter.
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sumstats is a vector or matrix of simulated summary statistics. Each row or vector en-
try should be a different simulation and each column of a matrix should be a
different statistic.

tol is the tolerance rate, indicating the required proportion of points accepted nearest
the target values.

Details

The rejection sampling algorithm generates random samples from the posterior distributions of the
parameters of interest. Note that to use this function, the usual steps of ABC parameter estimation
have to be performed. Briefly, data should have been simulated based on random draws from the
prior distributions of the parameters of interest and a set of summary statistics should have been
calculated from that data. The same set of summary statistics should have been calculated from the
observed data to be used as the target input in this function. Parameter values are accepted if the
Euclidean distance between the set of summary statistics computed from the simulated data and the
set of summary statistics computed from the observed data is sufficiently small. The percentage of
accepted simulations is determined by tol.

Value

a list with two named entries

index the index of the accepted simulations.

dst euclidean distances in the region of interest.
Examples

# load the matrix with parameter values

data(params)

# load the matrix with simulated parameter values

data(sumstats)

# select a random simulation to act as target just to test the function
target <- sumstats[10 ,]

# Parameter estimation using rejection sampling
index.rejABC(target = target, params = params, sumstats = sumstats[-10, ], tol = 0.01)

limits Matrix of prior limits

Description

this imports a matrix with the limits of the prior distribution for each parameter. Each row of the
matrix is a different parameter, indicated by the row name. The matrix contains two columns, the
first being the minimum value of the distribution and the second being the maximum value.
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Usage

limits

Format

a matrix with 8 rows and 2 columns. Each of the rows corresponds to a different parameter:

N1 relative size of the first population. This population corresponds to the C ecotype.

N2 relative size of the second population. This population corresponds to the W ecotype.

Split time, in 4Nref scale, of the split event that creates the two populations.

PoolError error associated with DNA pooling.

SeqError error associated with DNA sequencing.

PM proportion of the genome with no barriers against gene flow. This is the proportion of simulated
loci where migration occurs in both directions between the divergent ecotypes.

mig CW scaled migration rate between the two divergent ecotypes This is the migration rate from
ecotype C to ecotype W.

mig WC scaled migration rate between the two divergent ecotypes This is the migration rate from
ecotype W to ecotype C.

Source

simulations performed

mergepost Merge posterior distributions

Description

After using the multipleABC() function to perform parameter estimation with Approximate Bayesian
Computation for several targets, this function can be used to merge the different posterior distribu-
tions.

Usage

mergepost(target, global, post, a = 0.5, wtreg = NULL)

Arguments
target a matrix or a list with target mean sumstat, where each entry corresponds to a
vector of size n (n = number of summary statistics) with the summary statistics
of each subset of loci.
global numeric vector of size n with mean summary statistics across all loci.
post list with sample of posterior obtained for each subset of loci. Each entry of the

list is a matrix where each line corresponds to an accepted simulations (size S)
and each column corresponds to a parameter.
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a numeric value with the alpha parameter of the locfit function.

wtreg (optional) list with the weights of regression method. Each entry of the list is a
numeric vector with weights for each accepted simulation (size S).

Details

The posterior density will be estimated after simply merging the posteriors computed from all target
subset of loci and after weighting the posterior of each target by its distance to the overall summary
statistic mean. In other words, each posterior will be weighted according to the distance between
the mean summary statistics of the subset of loci for which that posterior was computed and the
mean across all loci, giving more weight to sets of loci with a mean closer to the overall mean.

Additionally, if the regression weights are available, each accepted point will be weighted by its
regression weight and by distance of its associated target. The combination of these weights will
be used to merge the multiple posteriors. The weighted mean, median, mode and quantiles will be
computed for each of these different posterior merging methods by using the weighted_stats()
and mode_locfit() functions. Note that this function requires the package locfit.

Value

list of locfit objects with the density of the posterior for each parameter and of mean, mode and
quantiles obtained using weighted quantiles. The list has the following elements:

merge obtained by simply merging all the posteriors into a single one and fitting a local
regression without any prior weighting.

merged_stat posterior point estimates for the corresponding merging method, merge. This
includes the median, mean, mode and various quantiles of the posterior.

weighted each target was weighted by its distance to the global summary statistics mean,
giving more weight to the target subset of loci with mean summary statistics
closer to the mean across the genome.

weighted_stat posterior point estimates for the corresponding merging method, weighted.
This includes the median, mean, mode and various quantiles of the posterior.

merge_reg each accepted point was weighted by its regression weight.

merge_reg_stat posterior point estimates for the corresponding merging method, merge_reg.
This includes the median, mean, mode and various quantiles of the posterior.

weighted_reg  each target was weighted according to its distance to the overall mean and each
point was weighted by its regression weight.

weighted_reg_stat
posterior point estimates for the corresponding merging method, weighted_reg.
This includes the median, mean, mode and various quantiles of the posterior.

Details about the output can be found at: https://aakinshin.net/posts/weighted-quantiles/
and https://www.rdocumentation.org/packages/reldist/versions/1.6-6/topics/wtd.quantile
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Examples

# load the matrix with parameter values
data(params)

# load the matrix with simulated parameter values
data(sumstats)

# load the matrix with the prior limits
data(limits)

# select some random simulations to act as target just to test the function
targets <- sumstats[c(11:20) ,]

# we should remove those random simulation from the sumstats and params matrices
sumstats <- sumstats[-c(11:20), J; params <- params[-c(11:20), ]

# parameter estimation for multiple targets
myabc <- multipleABC(targets = targets, params = params, sumstats = sumstats, limits = limits,
tol = 0.01, method = "regression”)

# select a random simulation to act as the global value of the summary statistics
# ideally this should be computed from the entirety of the observed data
global <- sumstats[50, ]

# merge the posterior distributions obtained in the previous step
mergepost(target = targets, global = global, post = myabc$adjusted, wtreg = myabc$weights)

modelSelect Perform model selection with Approximate Bayesian Computation

Description

Estimates posterior model probabilities using Approximate Bayesian Computation (ABC).

Usage

modelSelect(target, index, sumstats, tol, method, warning = TRUE)

Arguments

target is a vector with the target summary statistics. These are usually computed from
observed data.

index is a vector of model indices. This can be a a character vector of model names,
repeated as many times as there are simulations for each model. This vector will
be coerced to factor and it must have the same length as nrow(sumstats) to
indicate which row of the sumstats matrix belongs to which model.

sumstats is a vector or matrix containing the simulated summary statistics for all the mod-

els. Each row or vector entry should be a different simulation and each column
of a matrix should be a different statistic. The order must be the same as the
order of the models in the index vector.
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tol is a numerical value, indicating the required proportion of points nearest the
target values (tolerance).

method a character string, either rejection or regression , indicating which algorithm
should be used for model selection.

warning logical, if TRUE (default) warnings produced while running this function, mainly
related with accepting simulations for just one of the models, will be displayed.

Details

Prior to using this function, simulations must have been performed under, at least, two different
models. When method is rejection , the posterior posterior probability of a given model is approx-
imated by the proportion of accepted simulations of that particular model. Note that this approxi-
mation is only valid if all models where, a priori, equally likely and if the number of simulations
performed is the same for all models. When the method is set to regression , a multinomial logis-
tic regression is used to estimate the posterior model probabilities. This multinomial regression is
implemented in the multinom function.

Value

a list with the following elements:

method the method used for model selection.
indices a vector of model indices in the accepted region. In other words, this vector
contains the name of the accepted model for each accepted point.
pred a vector of model probabilities.
ss the summary statistics in the accepted region.
weights vector of regression weights when method is regression.
nmodels the number of a priori simulations performed for each model.
Examples

# load the matrix with simulated parameter values
data(sumstats)

# select a random simulation to act as target just to test the function
target <- sumstats[10 ,]

# create a "fake" vector of model indices

# this assumes that half the simulations were from one model and the other half from other model
# this is not true but serves as an example of how to use this function

index <- c(rep("model1”, nrow(sumstats)/2), rep(”"model2"”, nrow(sumstats)/2))

# perform model selection with ABC
modelSelect(target = target, index = index, sumstats = sumstats, tol = 0.01, method = "regression”)
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mode_locfit Compute mode of a locfit object

Description

This function computes and outputs the the mode of a locfit object.

Usage

mode_locfit(locx, xlim, precision = 1000)

Arguments
locx is a locfit object.
x1lim is a vector with two entries.The first entry is the minimum of the distribution
and the second entry is the maximum value of the distribution.
precision value indicating the number of entries evaluated. The larger the value the higher
the precision. The default value is 1000.
Details

The stats::predict() function is used to predict the y-axis values of the locfit object and the
mode is defined as the value where that prediction is maximized.
Value

a numeric value of the mode of the input locfit object.

Examples

# create a random distribution
X <= rnorm(n = 1000, mean = 2, sd = 25)

# perform a local regression
loc <- locfit::locfit(~x)

# compute the mode of the locfit object
mode_locfit(locx = loc, xlim = c(min(x), max(x)))
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multipleABC Parameter estimation with Approximate Bayesian Computation for
multiple targets

Description

Perform multivariate parameter estimation based on summary statistics using an Approximate Bayesian
Computation (ABC) algorithm. This function always uses a rejection sampling algorithm while a
local linear regression algorithm might or might not be used.

Usage

multipleABC(
targets,
params,
sumstats,
limits,
tol,
method,
parallel = FALSE,
ncores = NA

Arguments

targets a matrix of observed summary statistics. Each row will be considered a different
target for parameter estimation. Each column should be a different summary
statistics and these statistics should correspond to the statistics in the sumstats
input.

params is a vector or matrix of simulated parameter values i.e. numbers from the simula-
tions. Each row or vector entry should be a different simulation and each column
of a matrix should be a different parameter. This is the dependent variable for
the regression, if a regression step is performed.

sumstats is a vector or matrix of simulated summary statistics. Each row or vector en-
try should be a different simulation and each column of a matrix should be a
different statistic. These act as the independent variables if a regression step is
performed.

limits is a matrix with two columns and as many rows as there are parameters. Each
row should contain the minimum value of the prior for a given parameter in the
first column and the maximum value in the second column.

tol is the tolerance rate, indicating the required proportion of points accepted nearest
the target values.

method either rejection or regression indicating whether a regression step should be
performed during ABC parameter estimation.
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parallel logical, indicating whether this function should be run using parallel execution.
The default setting is FALSE, meaning that this function will utilize a single
core.

ncores a non-negative integer that is required when parallel is TRUE. It specifies the

number of cores to use for parallel execution.

Details

To use this function, the usual steps of ABC parameter estimation have to be performed. Briefly,
data should have been simulated based on random draws from the prior distributions of the param-
eters of interest and a set of summary statistics should have been calculated from that data. The
same set of summary statistics should have been calculated from the observed data to be used as the
targets in this function. Parameter values are accepted if the Euclidean distance between the set
of summary statistics computed from the simulated data and the set of summary statistics computed
from the observed data is sufficiently small. The percentage of accepted simulations is determined
by tol. This function performs a simple rejection by calling the re jABC() function.

When method is regression , a local linear regression method is used to correct for the imperfect
match between the summary statistics computed from the simulated data and the summary statistics
computed from the observed data. The output of the rejABC() function is used as the input of the
regABC() function to apply this correction. The parameter values accepted in the rejection step
are weighted by a smooth function (kernel) of the distance between the simulated and observed
summary statistics and corrected according to a linear transformation.

Please note that this functions performs parameter estimation for multiple targets. The targets
should contain multiple rows and each row will be treated as an independent target for parameter
estimation.

Value

the returned object is a list containing the following components:

target parameter estimates obtained with the rejection sampling.
ss set of accepted summary statistics from the simulations.
unadjusted parameter estimates obtained with the rejection sampling.
adjusted regression adjusted parameter values.
predmean estimates of the posterior mean for each parameter.
weights regression weights.

Examples

# load the matrix with parameter values
data(params)

# load the matrix with simulated parameter values
data(sumstats)

# load the matrix with the prior limits
data(limits)

# select some random simulations to act as target just to test the function
targets <- sumstats[c(11:20) ,]
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# we should remove those random simulation from the sumstats and params matrices
sumstats <- sumstats[-c(11:20), J; params <- params[-c(11:20), ]

# parameter estimation for multiple targets
multipleABC(targets = targets, params = params, sumstats = sumstats, limits = limits,
tol = 0.01, method = "regression”)

myparams Matrix of simulated parameter values

Description

This data set contains a matrix of simulated parameter values. These parameter values were sampled
from prior distributions and used to perform simulations under a isolation with migration model
with two populations. Each row of this matrix corresponds to a different simulation.

Usage

myparams

Format

a matrix with 5000 rows and 8 columns:

N1 relative size of the first population. This population corresponds to the C ecotype.
N2 relative size of the second population. This population corresponds to the W ecotype.
Split time, in 4Nref scale, of the split event that creates the two populations.

PoolError error associated with DNA pooling.

SeqError error associated with DNA sequencing.

mCW migration rate between the two divergent ecotypes This is the migration rate from ecotype
C to ecotype W.

mWC migration rate between the two divergent ecotypes This is the migration rate from ecotype
W to ecotype C.

PM proportion of the genome with no barriers against gene flow. This is the proportion of simulated
loci where migration occurs in both directions between the divergent ecotypes.

Source

simulations performed
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params Matrix of simulated parameter values

Description

This data set contains a matrix of simulated parameter values. These parameter values were sampled
from prior distributions and used to perform simulations under a isolation with migration model
with two populations. Each row of this matrix corresponds to a different simulation.

Usage

params

Format

a matrix with 10000 rows and 8 columns:

N1 relative size of the first population. This population corresponds to the C ecotype.
N2 relative size of the second population. This population corresponds to the W ecotype.
Split time, in 4Nref scale, of the split event that creates the two populations.

PoolError error associated with DNA pooling.

SeqError error associated with DNA sequencing.

PM proportion of the genome with no barriers against gene flow. This is the proportion of simulated
loci where migration occurs in both directions between the divergent ecotypes.

mig CW scaled migration rate between the two divergent ecotypes This is the migration rate from
ecotype C to ecotype W.

mig WC scaled migration rate between the two divergent ecotypes This is the migration rate from
ecotype W to ecotype C.

Source

simulations performed

plot_errorABC Prediction error plots for ABC using a list

Description

Plots the prediction error computed from a leave-one-out cross validation for ABC parameter infer-
ence. This function takes as input a list created when performing cross validation and allows the
user to select which ABC algorithm and point estimate statistic to plot.
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Usage
plot_errorABC(
X ’
method,
statistic,
index,
transformation = "none”,
main = NULL
)
Arguments
X is a list produced by a leave-one-out cross validation of ABC. This list should
contain the prediction errors computed using the rejection and/or regression al-
gorithm. For each of those methods, the prediction error obtained using three
different point estimates of the posterior should be included in this list.
method a character that can be either 'rej’ or 'reg’ indicating whether you wish to plot the
prediction error computed with a rejection or regression based ABC algorithm.
statistic a character that can be 'mode’, 'median’ or 'mean’ indicating if you wish to
plot the prediction error obtained using the mode, median or mean as the point
estimate of the posterior.
index an integer indicating which parameter to look at. It corresponds to a column on
a matrix. So, to plot the first parameter, corresponding to the first column, select
1. To plot the second parameter, select 2 and so on.
transformation default is none. It can also be ’log’ if you wish to transform both the true and
estimated values using a log10 scale.
main is an optional character input. It will be used as the title of the plot. If NULL
(default), then a generic title will be used instead.
Details

These plots help in visualizing the quality of the estimation and the effect of the chosen tolerance
level or point estimate statistic.

Value

a plot of the estimated value of the parameter (in the y-axis) versus the true parameter value (in the
x-axis). A line marking the perfect correspondence between the true and estimated values is also
plotted. Thus, the closer the points are to that line, the lower the prediction error is.

Examples

# load the matrix with parameter values

data(params)

# load the matrix with simulated parameter values

data(sumstats)

# load the matrix with the prior limits

data(limits)
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# perform a leave-one-out cross validation for ABC
mysim <- simulationABC(params = params, sumstats = sumstats, limits, nval = 10,
tol = 0.1, method = "regression”)

# plot the prediction error for a given parameter
plot_errorABC(x = mysim, method = "reg”, statistic = "median”, index = 1)

plot_msel

Plot model misclassification

Description

Displays a barplot of the confusion matrix obtained with a leave-one-out cross validation for model

selection.

Usage

plot_msel(object, color = TRUE)

Arguments

object

color

Details

a list created by the error_modelSel() function, containing the results of a
leave-one-out cross validation for model selection.

logical, if TRUE (default) then a colour version of the barplot will be produced,
if FALSE then a grey scale version will be produced.

The barplot shows the proportion of validation simulations classified to each of the models. This
function can produce either a colour or a grey scale barplot. If the classification of models is perfect,
meaning that the model probability of each model is one for the correct model, then each bar will
have a single colour representing its corresponding model.

Value

a barplot of the proportion of simulations classified to any of the models. In other words, a barplot
of the confusion matrix.

Examples

# load the matrix with simulated parameter values

data(sumstats)

# select a random simulation to act as target just to test the function
target <- sumstats[10 ,]

# create a "fake"” vector of model indices
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# this assumes that half the simulations were from one model and the other half from other model
# this is not true but serves as an example of how to use this function
index <- c(rep("modell”, nrow(sumstats)/2), rep(”"model2”, nrow(sumstats)/2))

# perform a leave-one-out cross validation of model selection
mysim <- sim_modelSel(index = index, sumstats = sumstats, nval = 10, tol = 0.1)

# compute the confusion matrix and the mean misclassification probabilities
myerror <- error_modelSel(object = mysim, print = FALSE)

# barplot of model misclassification
plot_msel(object = myerror)

plot_param Plot the density estimation of a given parameter

Description

Plots the density estimation of a single parameter for quick visualization of the quality of an ABC
analysis.

Usage

plot_param(prior, posterior, limits, index, weights = NULL)

Arguments

prior is a vector or matrix of simulated parameter values i.e. numbers from the sim-
ulations. Each row or vector entry should be a different simulation and each
column of a matrix should be a different parameter. This corresponds to the
prior distribution and it should contain all the simulated parameter values.

posterior is either a list or a matrix with samples from the posterior distributions obtained
for each target. If in list format, each entry should be a matrix where each row
corresponds to a different accepted simulations and each column corresponds to
a different parameter.

limits is a matrix with two columns and as many rows as there are parameters. Each
row should contain the minimum value of the prior for a given parameter in the
first column and the maximum value in the second column.

index is an non-negative integer indicating which parameter to plot. It corresponds to
the desired column of a matrix in the posteriors input. So, to plot the first
parameter, corresponding to the first column in the posteriors input select 1.
To plot the second parameter, select 2 and so on.

weights is an optional list input containing the weights from the local linear regression
method. Each entry of the list should be a numeric vector with the weights for
each accepted simulation.
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Details

This function can be used for a quick visualization of the posterior distribution obtained for a single
target with the singleABC() function. Alternatively, if parameter estimation was performed with
the multipleABC() function, the multiple posterior distributions, each obtained for a different tar-
get, will be combined into a single matrix and all values will be considered samples from the same
posterior distribution.

Value

a plot of the density estimation of a given parameter. This plot will include a title with the name of
the parameter. It will also include the density of the prior distribution for that parameter.

Examples

# load the matrix with parameter values
data(params)

# load the matrix with simulated parameter values
data(sumstats)

# load the matrix with the prior limits
data(limits)

# select a random simulation to act as target just to test the function

target <- sumstats[15 ,]

# we should remove the random simulation from the sumstats and params matrices
sumstats <- sumstats[-15, ]; params <- params[-15, ]

# parameter estimation for a single target
myabc <- singleABC(target = target, params = params, sumstats = sumstats, limits = limits,
tol = 0.01, method = "regression”)

# plot the density estimation of a given parameter
plot_param(prior = params, posterior = myabc$adjusted, limits = limits,
index = 6, weights = myabc$weights)

# note that this is just an example!
# we don't have enough simulations to obtain credible results

plot_Posteriors Plot multiple posterior distributions

Description

Plots, in the same plot, the density of multiple posterior distributions of a given parameter.

Usage

plot_Posteriors(posteriors, index, limits, weights = NULL)
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Arguments
posteriors is a list with samples from the posterior distributions obtained for each target.
Each entry of the list is a matrix where each row corresponds to a different
accepted simulations and each column corresponds to a different parameter.
index an non-negative integer indicating which parameter to plot. It corresponds to
the desired column of a matrix in the posteriors input. So, to plot the first
parameter, corresponding to the first column in the posteriors input select 1.
To plot the second parameter, select 2 and so on.
limits is a matrix with two columns and as many rows as there are parameters. Each
row should contain the minimum value of the prior for a given parameter in the
first column and the maximum value in the second column.
weights is an optional list input containing the weights from the local linear regression
method. Each entry of the list should be a numeric vector with the weights for
each accepted simulation.
Details

After using the multipleABC() or ABC() functions to perform parameter estimation with Approxi-
mate Bayesian Computation with several targets, this function can be used for a quick visualization
of the quality of an ABC analysis. Multiple posterior distributions, each obtained for a different
target, are plotted in the same plot, allowing for a visualization of the shape of the posteriors and a
quick inspection of whether all the posteriors converge to the same estimate.

Value

a plot with multiple posterior distributions, each obtained for a different target, for the selected
parameter.

Examples

# load the matrix with parameter values
data(params)

# load the matrix with simulated parameter values
data(sumstats)

# load the matrix with the prior limits
data(limits)

# select some random simulations to act as target just to test the function
targets <- sumstats[c(11:20) ,]

# we should remove those random simulation from the sumstats and params matrices
sumstats <- sumstats[-c(11:20), 1; params <- params[-c(11:20), ]

# parameter estimation for a single target
myabc <- multipleABC(targets = targets, params = params, sumstats = sumstats, limits = limits,

tol = 0.01, method = "regression”)

# plot multiple posteriors
plot_Posteriors(posteriors = myabc$adjusted, index =1, limits = limits, weights = myabc$weights)
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# note that this is just an example!
# we don't have enough simulations to obtain credible results

plot_stats

Plot the fit of a summary statistic to the target

Description

Plot the fit of a summary statistic to the target

Usage

plot_stats(sumstat, target, accepted, index = NA, colour = TRUE)

Arguments

sumstat

target

accepted

index

colour

Value

is a vector or matrix of simulated summary statistics. If this input is a vector,
then each entry should correspond to a different simulation. If it is a matrix, then
each row should be a different simulation and each column a different statistic.
Note that this should be the entire set of simulated values.

is an integer or a numeric vector containing the target of the parameter inference.
If a single integer, then this should be the target summary statistic corresponding
to the input sumstat vector. If this input is a vector, then the order of the entries
in the vector should be the same as the order of the columns of the sumstat
matrix input. Either way, this input should contain the value of the summary
statistics calculated from observed data.

is a vector or matrix of accepted summary statistics. If this input is a vector, then
each entry should correspond to a different simulation. If it is a matrix, then
each row should be a different simulation and each column a different statistic.
Note that this should be summary statistics of the accepted simulations during
parameter inference.

is an optional non-negative integer. This input is only required when the sumstat
and accepted inputs are matrices. In that instance, it will indicate which sum-
mary statistic to plot. It corresponds to the desired column of the sumstat and
accepted matrices and to the entry of the target vector.

logical, indicating whether the plot should be a colour version (default) or a
grayscale plot.

a plot with the fit of the simulated summary statistics to the observed value. Both the density esti-
mation of the entire simulated summary statistics and the accepted summary statistics are contrasted
with the observed value.
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Examples

# load the matrix with parameter values
data(params)

# load the matrix with simulated parameter values
data(sumstats)

# load the matrix with the prior limits
data(limits)

# select a random simulation to act as target just to test the function

target <- sumstats[10 ,]

# we should remove the random simulation from the sumstats and params matrices
sumstats <- sumstats[-10, ]; params <- params[-10, ]

# parameter estimation for a single target
myabc <- singleABC(target = target, params = params, sumstats = sumstats,
limits = limits, tol = ©.01, method = "regression”)

# check the fit of a summary statistic to the target
plot_stats(sumstat = sumstats, target = target, accepted = myabc$ss, index = 5)

# note that we performed parameter estimation for a single target
# because this function will only work when using a matrix

plot_weighted Plot the density estimation of a given parameter

Description

Plots a locfit object obtained after parameter estimation with Approximate Bayesian Computation
using the multipleABC() function and merging the multiple posteriors with the mergepost () func-
tion.

Usage

plot_weighted(
prior,
merged_posterior,
index,
limits,
regWeights = TRUE,
weighted = TRUE

Arguments

prior is a vector or matrix of simulated parameter values i.e. numbers from the sim-
ulations. Each row or vector entry should be a different simulation and each
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column of a matrix should be a different parameter. This corresponds to the
prior distribution and it should contain all the simulated parameter values.

merged_posterior

index

limits

regWeights

weighted

Details

is a list obtained by the mergepost() function. The output of that function
produces a list with the locfit of the various parameters. This function plots
those locfits.

is an non-negative integer indicating which parameter to plot. It corresponds to
the desired entry of the merged_posterior list. So, to plot the first parameter,
corresponding to the first entry in the merged_posterior input select 1. To plot
the second parameter, select 2 and so on.

is a matrix with two columns and as many rows as there are parameters. Each
row should contain the minimum value of the prior for a given parameter in the
first column and the maximum value in the second column.

logical, indicating whether to plot the posterior density obtained from merging
the multiple posteriors with or without the weights of the regression step. The
default is TRUE.

logical, indicating whether to plot the posterior density obtained from merging
the multiple posteriors with or without weighting by the overall distance to the
global mean. The default is TRUE.

The mergepost () function includes different posterior merging methods and produces locfit objects
for each parameter and method. It is possible to select which parameter to plot, with the index input,
and whether to plot the density estimation after each accepted point was weighted by its regression
weight and by distance of its associated target to the overall mean of the data. If regWeights
is set to FALSE, the density estimation obtained without considering the regression weights will
be plotted. If weighted is set to FALSE, the density estimation obtained without considering the
distance between the mean summary statistics of the target and the mean across all loci.

Value

a plot of the density estimation of a given parameter. This plot will include a title with the name
of the parameter. It will also include the density of the prior distribution for that parameter. The
density estimation shown here is obtained after merging multiple posteriors for that parameter.

Examples

# load the matrix with parameter values

data(params)

# load the matrix with simulated parameter values

data(sumstats)

# load the matrix with the prior limits

data(limits)

# select some random simulations to act as target just to test the function
targets <- sumstats[c(11:20) ,]

# we should remove those random simulation from the sumstats and params matrices
sumstats <- sumstats[-c(11:20), ]; params <- params[-c(11:20), ]
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# parameter estimation for multiple targets
myabc <- multipleABC(targets = targets, params = params, sumstats = sumstats, limits = limits,
tol = 0.01, method = "regression”)

# select a random simulation to act as the global value of the summary statistics
# ideally this should be computed from the entirety of the observed data
global <- sumstats[50, ]

# merge the posterior distributions obtained in the previous step
mymerge <- mergepost(target = targets, global = global, post = myabc$adjusted,
wtreg = myabc$weights)

# plot the merged posterior distribution
plot_weighted(prior = params, merged_posterior = mymerge, index = 7, limits = limits)

# note that this is just an example!
# we don't have enough simulations to obtain credible results

poolSim Simulation of Pooled DNA sequencing

Description

This is a master function that goes to all the steps required to obtain summary statistics from pooled
sequencing data.

Usage

poolSim(
model,
nDip,
nPops,
size,
nLoci,
nSites,
mutrate,
mean,
variance,
minimum,
maximum,
min.minor = NA,
Nref,
ratio,
split,
pool,
seq,
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CW = NA,
WC = NA,
CC = NA,
WW = NA,
ANC = NA,
bT = NA,
bCW = NA,
bWC = NA,

force = FALSE

Arguments

model

nDip

nPops

size

nLoci

nSites

mutrate

mean

variance

minimum
maximum

min.minor

Nref

poolSim

a character, either 2pops , Single or Parallel indicating which model should
be simulated.

an integer representing the total number of diploid individuals to simulate. Note
that scrm actually simulates haplotypes, so the number of simulated haplotypes
is double of this. Also note that this is the total number of diploid individuals and
this function will distribute the individuals equally by the simulated populations.

An integer, representing the total number of populations of the simulated model.

a list with one entry per population. Each entry should be a vector containing
the size (in number of diploid individuals) of each pool. Thus, if a population
was sequenced using a single pool, the vector should contain only one entry. If a
population was sequenced using two pools, each with 10 individuals, this vector
should contain two entries and both will be 10.

an integer that represents how many independent loci should be simulated.

is an integer that specifies how many base pairs should scrm simulate, i.e. how
many sites per locus to simulate.

an integer representing the mutation rate assumed for the simulations.

an integer or a vector defining the mean value of the negative binomial distri-
bution from which different number of reads are drawn. It represents the mean
coverage across all sites. If a vector is supplied, the function assumes that each
entry of the vector is the mean for a different population.

an integer or a vector defining the variance of the negative binomial distribution
from which different number of reads are drawn. It represents the variance of
the total coverage across all sites. If a vector is supplied, the function assumes
that each entry of the vector is the variance for a different population.

an integer representing the minimum coverage allowed. Sites where any popu-
lation has a depth of coverage below this threshold are removed from the data.

an integer representing the maximum coverage allowed. Sites where any popu-
lation has a depth of coverage above this threshold are removed from the data.

is an integer representing the minimum allowed number of minor-allele reads.
Sites that, across all populations, have less minor-allele reads than this threshold
will be removed from the data.

is the minimum and maximum value of the uniform distribution for the effective
population size of the reference population (Nref).
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ratio

split

pool

seq

CW

WwC

cc

WW

ANC

bT

bCW

bWC

is the minimum and maximum value of the distribution from which the relative
size of the present-day and ancestral populations are drawn. The size of these
populations is set as a ratio of the size of the Nref population. All of these ratios
are drawn from a log10 uniform distribution.

is the minimum and maximum values, at the 4Nref scale, of the uniform distri-
bution from which the values of the times of the split events are draw. Both the
time of the recent split event and the distance between the two split events are
drawn from this distribution.

is the the minimum and maximum values of the uniform distribution from which
the value of the error associated with DNA pooling is drawn. More specifically,
this value is related with the unequal individual contribution to the pool. This
parameter should be supplied as a decimal number between zero and one.

is the minimum and maximum values of the uniform distribution from which
the value of the error associated with DNA sequencing is drawn. This parameter
should be supplied as a decimal number between zero and one.

is the minimum and maximum value of the uniform distribution from which the
migration rate between the two divergent ecotypes inhabiting the same location
is drawn. We consider that this parameter is drawn on a m scale. This is the
migration rate from ecotype C to ecotype W.

is the minimum and maximum value of the uniform distribution from which the
migration rate between the two divergent ecotypes inhabiting the same location
is drawn. We consider that this parameter is drawn on a m scale. This is the
migration rate from ecotype W to ecotype C.

is the minimum and maximum value of the uniform distribution from which the
migration rate between similar ecotypes inhabiting different locations is drawn.
We consider that this parameter is drawn on a m scale. This is the migration
between the two C ecotypes at two different locations.

is the minimum and maximum value of the uniform distribution from which the
migration rate between similar ecotypes inhabiting different locations is drawn.
We consider that this parameter is drawn on a m scale. This is the migration
between the two W ecotypes at two different locations.

is the minimum and maximum value of the uniform distribution from which the
migration rate between similar ecotypes inhabiting different locations is drawn.
We consider that this parameter is drawn on a m scale. This is the migration
between the two W ecotypes at two different locations.

is the minimum and maximum values of the distribution from which the propor-
tion of the simulated loci where no migration occurs between divergent ecotypes
is drawn. The maximum value should not be higher than one.

is the minimum and maximum values of the distribution from which the propor-
tion of the simulated loci where no migration occurs from the C ecotype towards
the W ecotype is drawn. The maximum value should not be higher than one.

is the minimum and maximum values of the distribution from which the pro-
portion of the simulated loci where no migration occurs from the W ecotype
towards the C ecotype is drawn. The maximum value should not be higher than
one.
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Details

poolSim

is a logical value indicating whether the required number of loci should be en-
forced. The default is FALSE but, if set to TRUE, then additional loci will be
simulated. These additional loci are simulated to try to have sufficient loci to
keep the required number of loci after filtering.

Starts by creating a vector of parameters, with values drawn from the respective prior distributions.
Then those parameter values are used to simulate genetic data under a coalescent approach. A
series of steps is then followed to turn that genetic data into pooled sequencing data. Finally, a set
of summary statistics is computed using the simulated pooled sequencing data.

Value

a list with several named entries. The number of entries depends of the chosen model.

Nref

N1

N2

N3

N4

NA1

NA2

Split

Dsplit

PoolError

SeqgError

mCW1

numeric, sampled value from the prior for the effective population size of the
reference population.

numeric, sampled value from the prior for the relative size of the present-day
populations. This is the relative size of the first population.

numeric, sampled value from the prior for the relative size of the present-day
populations. This is the relative size of the second population.

numeric, sampled value from the prior for the relative size of the present-day
populations. This is the relative size of the third population. This entry only
exists when the selected model has four populations.

numeric, sampled value from the prior for the relative size of the present-day
populations. This is the relative size of the fourth population. This entry only
exists when the selected model has four populations.

numeric, sampled value from the prior for the relative size of the ancestral pop-
ulations. This is the relative size of the ancestral population of N1 and N2. This
entry only exists when the selected model has four populations.

numeric, sampled value from the prior for the relative size of the ancestral pop-
ulations. This is the relative size of the ancestral population of N3 and N4. This
entry only exists when the selected model has four populations.

numeric, sampled value from the prior for the time, in 4Nref scale, of the recent
split event.

numeric, sampled value from the prior for the time, in 4Nref scale, of the dis-
tance between the two split events.

numeric, sampled value from the prior for the error associated with DNA pool-
ing.

numeric, sampled value from the prior for the error associated with DNA se-
quencing.

numeric, sampled value from the prior for the migration rate between the two
divergent ecotypes inhabiting the first location. This is the migration rate from
ecotype C to ecotype W. For a two population model, this entry will be called
mCW because that model considers a single location.
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mCW2

mWC1

mWC2

mCC

mwWW

mAA

pM

pCW

pWC

pNO

nPoly
nFilter

nLoci

St

numeric, sampled value from the prior for the migration rate between the two
divergent ecotypes inhabiting the second location. This is the migration rate
from ecotype C to ecotype W. For a two population model, this entry will not
exist.

numeric, sampled value from the prior for the migration rate between the two
divergent ecotypes inhabiting the first location. This is the migration rate from
ecotype W to ecotype C. For a two population model, this entry will be called
mWC because that model considers a single location.

numeric, sampled value from the prior for the migration rate between the two
divergent ecotypes inhabiting the second location. This is the migration rate
from ecotype W to ecotype C. For a two population model, this entry will not
exist.

numeric, sampled value from the prior for the migration rate between similar
ecotypes inhabiting different locations. This is the migration between the two C
ecotypes at two different locations. For a two population model, this entry will
not exist.

numeric, sampled value from the prior for the migration rate between similar
ecotypes inhabiting different locations. This is the migration between the two
W ecotypes at two different locations. For a two population model, this entry
will not exist.

numeric, sampled value from the prior for the migration rate between the two
ancestral populations. For a two population model, this entry will not exist.

numeric, sampled value from the prior for the proportion of the genome with
no barriers against gene flow. This is the proportion of simulated loci where
migration occurs in both directions between the divergent ecotypes.

numeric, sampled value from the prior for the proportion of the genome where
no migration occurs from the C ecotype towards the W ecotype. This is the
proportion of simulated loci where migration occurs only from W towards C.
This entry does not exist for the two populations model.

numeric, sampled value from the prior for the proportion of the genome where
no migration occurs from the W ecotype towards the C ecotype. This is the
proportion of simulated loci where migration occurs only from C towards W.
This entry does not exist for the two populations model.

numeric, sampled value from the prior for the proportion of the genome with
no gene flow between divergent ecotypes. This is the proportion of simulated
loci where migration does not occur in both directions between the C and W
ecotypes.

numeric, mean number of polymorphic sites across all simulated locus.

numeric, mean number of polymorphic sites retained after filtering across all
simulated locus.

numeric, total number of loci retained after filtering. Summary statistics are
calculated for these loci.

numeric, fraction of sites fixed between populations. For the model with two
populations, this is a single value. For the four-population models, this includes
three values: the first is the fraction of fixed sites between the two populations
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Sx

SS

Mean_Het

SD_Het

Mean_HetBet

SD_HetBet

Mean_FST

SD_FST

poolSim

in the first location, the second value is between the populations in the second
location and the third value is the overall fraction of fixed sites, obtained by
comparing each population against the other three.

numeric, fraction of exclusive sites per population. When running the model
with two populations, this entry has two values - one per population. For the
four-population models, there is also one value per population, followed by a
fifth value representing the fraction of sites that are segregating in only one of
the populations.

numeric values representing the fraction of sites shared between populations.
For the model with two populations, this is a single value. When running one of
the four-population models, this entry has three values. The first is the fraction of
shared sites between the two populations in the first location, the second value is
between the populations in the second location and the third value is the fraction
of shared sites across all four populations.

numeric, expected heterozygosity within each population. This entry has two
values when using a two populations model and four when running one of the
four-populations model.

numeric, standard deviation of the expected heterozygosity for each population.
This entry has two values when using a two populations model and four when
running one of the four-populations model.

numeric, mean heterozygosity between all pairs of populations. For the two pop-
ulations model, this is a single value representing the heterozygosity between the
two populations. For the four-population models, this entry includes six values.
The first value is the heterozygosity between the first and the second popula-
tion, the second value is between the first and the third population, the third
value is between the first and fourth population, the fourth value is between the
second and third populations, the fifth value is between the second and fourth
population and the sixth value is between the third and fourth populations.

numeric, standard deviation of the mean heterozygosity between all pairs of
populations. For the two populations model, this is a single value representing
the standard deviation of heterozygosity between the two populations. When
running one of the four-population models, this entry includes six values. The
order of those entries is the same as for Mean_HetBet.

numeric, mean pairwise FST between populations. For the two populations
model, this is a single value representing the mean FST between the two popu-
lations. For the four-population models, this entry includes six values. The first
value is the mean FST between the first and second populations, the second is
between the first and third population, the third is between the second and third
populations, the fourth is between the first and fourth populations, the fifth value
is between the second and fourth populations and the sixth is between the third
and fourth populations.

numeric, standard deviation of the mean pairwise FST between populations.
For the two populations model, this is a single value representing the standard
deviation of the FST between the two populations. When running one of the
four-population models, this entry includes six values. The order of those entries
is the same as for Mean_FST.
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FSTQ1 numeric, it is the 5% quantile of the mean pairwise FST distribution. For the
two populations model, this is a single value representing the 5% quantile of
the FST between the two populations. When running one of the four-population
models, this entry includes six values. The order of those entries is the same as
for Mean_FST.

FSTQ2 numeric, it is the 95% quantile of the mean pairwise FST distribution. For the
two populations model, this is a single value representing the 95% quantile of
the FST between the two populations. For the four-population models, this entry
includes six values. The order of those entries is the same as for Mean_FST.

Dstat numeric, value of D-statistic for various combinations of populations. This entry
only exists if a four-population model was selected. It includes three different
values. For the first value, P1 was the W ecotype in the first location P2 was the
W ecotype in the second location and P3 was the C ecotype at the first location.
For the second value P1 was again the W ecotype in the first location but P2
was the C ecotype in the second ecotype and P3 was the C ecotype at the first
location. For the third value, P1 was also the W ecotype at the first location, P2
was the C ecotype at the first location and P3 was the W ecotype at the second
location. For all combinations, P4 was assumed to be an outgroup fixed, at all
sites, for the major allele.

SD_dstat numeric, standard deviation of D-statistic for various combinations of popula-
tions. This entry only exists if a four-population model was selected. Each entry
is the standard deviation of the corresponding D-statistic in the Dstat entry.

Examples

# simulate Pool-seq data and compute summary statistics for a model with two populations
poolSim(model="2pops"”, nDip=400, nPops=2, nLoci=10, nSites=2000, mutrate=1.5e-8,
size=rep(list(rep(5, 20)), 2),mean=c(85, 65), variance=c(1400, 900), minimum=25,
maximum=165, min.minor=2, Nref=c(25000, 25000), ratio=c(0.1, 3), pool=c(5, 250),
seq=c(0.0001, 0.001), split=c(@, 3), CW=c(1e-13, 1e-3), WC=c(le-13, 1e-3), bT=c(0@, 0.5))

# simulate Pool-seq data and compute summary statistics for a model with four populations
poolSim(model="Single"”, nDip=400, nPops=4, nLoci=10, nSites=2000, mutrate=2e-8,
size=rep(list(rep(5, 20)), 4), mean=c(85, 65, 65, 70), variance=c(1400, 900, 850, 1000),
minimum=25, maximum=165, min.minor=2, Nref=c(25000, 25000), ratio=c(0.1, 3), pool=c(5, 250),
seq=c(0.0001, 0.001), split=c(@, 3), CW=c(1e-13, 1e-3), WC=c(1e-13, 1e-3), CC=c(1e-13, 1e-3),
WW=c(1e-13, 1e-3), ANC=c(1e-13, 1e-3), bT=c(@, 0.2), bCW=c(@, 0.5), bWC=c(@, 0.5))

poolStats Compute summary statistics from Pooled DNA sequencing

Description

This function combines all the necessary steps to simulate pooled sequencing data and compute
summary statistics from that data.
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Usage

poolStats(

parameters,

model,
nDip,
size,
nLoci,
nSites,
mutrate,
mean,
variance,
minimum,
maximum,

poolStats

min.minor = NA,

force = FALSE

Arguments

parameters

model

nDip

size

nLoci

nSites

mutrate

mean

variance

a vector of parameters used to create the command line for the scrm package.
Each entry of the vector is a different parameter. Note that each vector entry
should be named with the name of the corresponding parameter. The output of
the CreateParameters function is the intended input.

a character, either 2pops , Single or Parallel indicating which model should
be simulated.

an integer representing the total number of diploid individuals to simulate. Note
that scrm actually simulates haplotypes, so the number of simulated haplotypes
is double of this. Also note that this is the total number of diploid individuals and
this function will distribute the individuals equally by the simulated populations.

a list with one entry per population. Each entry should be a vector containing
the size (in number of diploid individuals) of each pool. Thus, if a population
was sequenced using a single pool, the vector should contain only one entry. If a
population was sequenced using two pools, each with 10 individuals, this vector
should contain two entries and both will be 10.

an integer that represents how many independent loci should be simulated.

is an integer that specifies how many base pairs should scrm simulate, i.e. how
many sites per locus to simulate.

an integer representing the mutation rate assumed for the simulations.

an integer or a vector defining the mean value of the negative binomial distri-
bution from which different number of reads are drawn. It represents the mean
coverage across all sites. If a vector is supplied, the function assumes that each
entry of the vector is the mean for a different population.

an integer or a vector defining the variance of the negative binomial distribution
from which different number of reads are drawn. It represents the variance of
the total coverage across all sites. If a vector is supplied, the function assumes
that each entry of the vector is the variance for a different population.
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minimum

maximum

min.minor

force

Details

an integer representing the minimum coverage allowed. Sites where any popu-
lation has a depth of coverage below this threshold are removed from the data.

an integer representing the maximum coverage allowed. Sites where any popu-
lation has a depth of coverage above this threshold are removed from the data.

is an integer representing the minimum allowed number of minor-allele reads.
Sites that, across all populations, have less minor-allele reads than this threshold
will be removed from the data.

is a logical value indicating whether the required number of loci should be en-
forced. The default is FALSE but, if set to TRUE, then additional loci will be
simulated. These additional loci are simulated to try to have sufficient loci to
keep the required number of loci after filtering.

The sampled parameter values are incorporated into a command line for the scrm package. Then,
genetic data is simulated according to a model of ecotype formation and the sampled parameters.
Finally, various summary statistics are calculated from the simulated data.

Value

a list with several named entries. The number of entries depends of the chosen model.

nPoly

nFilter

nLoci

St

Sx

SS

Mean_Het

numeric, mean number of polymorphic sites across all simulated locus.

numeric, mean number of polymorphic sites retained after filtering across all
simulated locus.

numeric, total number of loci retained after filtering. Summary statistics are
calculated for these loci.

numeric, fraction of sites fixed between populations. For the model with two
populations, this is a single value. For the four-population models, this includes
three values: the first is the fraction of fixed sites between the two populations
in the first location, the second value is between the populations in the second
location and the third value is the overall fraction of fixed sites, obtained by
comparing each population against the other three.

numeric, fraction of exclusive sites per population. When running the model
with two populations, this entry has two values - one per population. For the
four-population models, there is also one value per population, followed by a
fifth value representing the fraction of sites that are segregating in only one of
the populations.

numeric values representing the fraction of sites shared between populations.
For the model with two populations, this is a single value. When running one of
the four-population models, this entry has three values. The first is the fraction of
shared sites between the two populations in the first location, the second value is
between the populations in the second location and the third value is the fraction
of shared sites across all four populations.

numeric, expected heterozygosity within each population. This entry has two
values when using a two populations model and four when running one of the
four-populations model.
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SD_Het

Mean_HetBet

SD_HetBet

Mean_FST

SD_FST

FSTQ1

FSTQ2

Dstat

poolStats

numeric, standard deviation of the expected heterozygosity for each population.
This entry has two values when using a two populations model and four when
running one of the four-populations model.

numeric, mean heterozygosity between all pairs of populations. For the two pop-
ulations model, this is a single value representing the heterozygosity between the
two populations. For the four-population models, this entry includes six values.
The first value is the heterozygosity between the first and the second popula-
tion, the second value is between the first and the third population, the third
value is between the first and fourth population, the fourth value is between the
second and third populations, the fifth value is between the second and fourth
population and the sixth value is between the third and fourth populations.

numeric, standard deviation of the mean heterozygosity between all pairs of
populations. For the two populations model, this is a single value representing
the standard deviation of heterozygosity between the two populations. When
running one of the four-population models, this entry includes six values. The
order of those entries is the same as for Mean_HetBet.

numeric, mean pairwise FST between populations. For the two populations
model, this is a single value representing the mean FST between the two popu-
lations. For the four-population models, this entry includes six values. The first
value is the mean FST between the first and second populations, the second is
between the first and third population, the third is between the second and third
populations, the fourth is between the first and fourth populations, the fifth value
is between the second and fourth populations and the sixth is between the third
and fourth populations.

numeric, standard deviation of the mean pairwise FST between populations.
For the two populations model, this is a single value representing the standard
deviation of the FST between the two populations. When running one of the
four-population models, this entry includes six values. The order of those entries
is the same as for Mean_FST.

numeric, it is the 5% quantile of the mean pairwise FST distribution. For the
two populations model, this is a single value representing the 5% quantile of
the FST between the two populations. When running one of the four-population
models, this entry includes six values. The order of those entries is the same as
for Mean_FST.

numeric, it is the 95% quantile of the mean pairwise FST distribution. For the
two populations model, this is a single value representing the 95% quantile of
the FST between the two populations. For the four-population models, this entry
includes six values. The order of those entries is the same as for Mean_FST.

numeric, value of D-statistic for various combinations of populations. This entry
only exists if a four-population model was selected. It includes three different
values. For the first value, P1 was the W ecotype in the first location P2 was the
W ecotype in the second location and P3 was the C ecotype at the first location.
For the second value P1 was again the W ecotype in the first location but P2
was the C ecotype in the second ecotype and P3 was the C ecotype at the first
location. For the third value, P1 was also the W ecotype at the first location, P2
was the C ecotype at the first location and P3 was the W ecotype at the second
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location. For all combinations, P4 was assumed to be an outgroup fixed, at all
sites, for the major allele.

SD_dstat numeric, standard deviation of D-statistic for various combinations of popula-
tions. This entry only exists if a four-population model was selected. Each entry
is the standard deviation of the corresponding D-statistic in the Dstat entry.

Examples

# create a vector of parameters for a model with two populations

parameters <- createParams(Nref = c(25000, 25000), ratio = c(@.1, 3), pool = c(5, 250),
seq = ¢c(0.0001, 0.001), split = c(0, 3), CW = c(1e-13, 1e-3), WC = c(le-13, 1e-3),

bT = c(0, 0.2), model = "2pops")

# simulate a two populations model:

# note that we are using two pools for each population, each with 50 individuals
poolStats(parameters = parameters, model = "2pops”, nDip = 200, size = rep(list(rep(50, 2)), 2),
nLoci = 100, nSites = 2000, mutrate = 2e-8, mean = c(100, 80), variance = c(200, 180), minimum = 10,
maximum = 150, min.minor = 1)

poststat Calculate point estimates from the posterior distribution

Description

Given a set of samples from the posterior distribution, computes the mean, median and mode of the
posterior.

Usage

poststat(posterior, limits, method, wtreg = NULL)

Arguments

posterior is a matrix or a vector with samples from the posterior distribution obtained
from ABC parameter estimation. If this input is a matrix, then each row should
correspond to an accepted simulation (size S) and each column to a different
parameter.

limits is a vector if there is only one parameter or a matrix if there are multiple parame-
ters. In this latter instance, each row should correspond to a different parameter.
In either instance, and considering matrix rows as vectors, then the first entry of
the vector should be the minimum value of the prior and the second entry should
be the maximum value (for any given parameter).

method either rejection or regression indicating whether a rejection sampling algo-
rithm or a local linear regression algorithm were used during ABC parameter
estimation.

wtreg is a required numeric vector if the method is regression . It should contain the
weights for each accepted simulation (size S).
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Details

If method is regression , the regression weights must also be made available. These will be used
to compute the weighted mean, weighted median and weighted mode of the posterior.

Value

a matrix with the mode, median and mean of the posterior distribution for each parameter. Each
point estimate is a different row and each parameter a different column.

Examples

# load the matrix with parameter values
data(params)

# load the matrix with simulated parameter values
data(sumstats)

# load the matrix with the prior limits
data(limits)

# select a random simulation to act as target just to test the function
target <- sumstats[10 ,]

# we should remove the random simulation from the sumstats and params matrices
sumstats <- sumstats[-10, 1; params <- params[-10, ]

# parameter estimation for a single target
myabc <- singleABC(target = target, params = params, sumstats = sumstats,
limits = limits, tol = ©0.01, method = "regression”)

# compute point estimates from the posterior distribution
poststat(posterior = myabc$adjusted, limits = limits, method = "regression”, wtreg = myabc$wt)

prepareData Organize information by contig - for multiple data files

Description

Organize the information of multiple rc files into different entries for each contig.

Usage

prepareData(data, nPops, filter = FALSE, threshold = NA)

Arguments

data is a list with four different entries. The entries should be named as rMajor ,
rMinor , coverage and info . The rMajor entry should be a matrix contain-

ing the number of observed major-allele reads. The rMinor entry should be a

matrix containing the number of observed minor-allele reads. The coverage

entry should be a matrix containing the total depth of coverage. The info entry
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should be a matrix or a data frame containing the remaining relevant informa-
tion, such as the contig name and the position of each SNP. Each row of these
matrices should be a different site and each column should be a different popu-

lation.
nPops is an integer indicating the total number of different populations in the dataset.
filter is a logical switch, either TRUE or FALSE. If TRUE, then the data is filtered by

the frequency of the minor allele and if FALSE, that filter is not applied.

threshold is the minimum allowed frequency for the minor allele. Sites where the allelic
frequency is below this threshold are removed from the data.

Details

This function removes all monomorphic sites from the dataset. Monomorphic sites are those where
the frequency for all populations is 1 or 0. Then, the name of each contig is used to organize the
information in a per contig basis. Thus, each output will be organized by contig. For example, the
list with the number of minor-allele reads will contain several entries and each of those entries is a
different contig.

If the filter input is set to TRUE, this function also filters the data by the frequency of the minor-
allele. If a threshold is supplied, the computed frequency is compared to that threshold and sites
where the frequency is below the threshold are removed from the dataset. If no threshold is supplied,
the threshold is assumed to be 1/total coverage, meaning that a site should have, at least, one
minor-allele read.

Value

a list with six named entries:

fregs a list with the allele frequencies, computed by dividing the number of minor-
allele reads by the total coverage. Each entry of this list corresponds to a dif-
ferent contig. Each entry is a matrix where each row is a different site and each
column is a different population.

positions a list with the positions of each SNP. Each entry of this list is a vector corre-
sponding to a different contig.

range a list with the minimum and maximum SNP position of each contig. Each entry
of this list is a vector corresponding to a different contig.

rMajor a list with the number of major-allele reads. Each entry of this list corresponds
to a different contig. Each entry is a matrix where each row is a different site
and each column is a different population.

rMinor a list with the number of minor-allele reads. Each entry of this list corresponds
to a different contig. Each entry is a matrix where each row is a different site
and each column is a different population.

coverage a list with the total coverage. Each entry of this list corresponds to a different
contig. Each entry is a matrix where each row is a different site and each column
is a different population.
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Examples

# load the data from two rc files
data(rcl, rc2)

# combine both files into a single list
mydata <- list(rcl, rc2)

# clean and organize the data for both files
mydata <- lapply(mydata, function(i) cleanData(file = i, pops = 7:10))

# organize the information by contigs
prepareData(data = mydata, nPops = 4)

prepareFile Organize information by contigs - for a single data file

Description

Organize the information of a single rc file into different entries for each contig.

Usage

prepareFile(data, nPops, filter = FALSE, threshold = NA)

Arguments

data is a list with four different entries. The entries should be named as rMajor ,
rMinor , coverage and info . The rMajor entry should be a matrix contain-
ing the number of observed major-allele reads. The rMinor entry should be a
matrix containing the number of observed minor-allele reads. The coverage
entry should be a matrix containing the total depth of coverage. The info entry
should be a matrix or a data frame containing the remaining relevant informa-
tion, such as the contig name and the position of each SNP. Each row of these
matrices should be a different site and each column should be a different popu-
lation.

nPops is an integer indicating the total number of different populations in the dataset.

filter is a logical switch, either TRUE or FALSE. If TRUE, then the data is filtered by
the frequency of the minor allele and if FALSE, that filter is not applied.

threshold is the minimum allowed frequency for the minor allele. Sites where the allelic
frequency is below this threshold are removed from the data.
Details

This function removes all monomorphic sites from the dataset. Monomorphic sites are those where
the frequency for all populations is 1 or 0. Then, the name of each contig is used to organize the
information in a per contig basis. Thus, each output will be organized by contig. For example, the
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list with the number of minor-allele reads will contain several entries and each of those entries is a

different contig.

If the filter input is set to TRUE, this function also filters the data by the frequency of the minor-
allele. If a threshold is supplied, the computed frequency is compared to that threshold and sites
where the frequency is below the threshold are removed from the dataset. If no threshold is supplied,
the threshold is assumed to be 1/total coverage, meaning that a site should have, at least, one

minor-allele read.

Value

a list with six named entries:

freqgs

positions

range

rMajor

rMinor

coverage

Examples

a list with the allele frequencies, computed by dividing the number of minor-
allele reads by the total coverage. Each entry of this list corresponds to a dif-
ferent contig. Each entry is a matrix where each row is a different site and each
column is a different population.

a list with the positions of each SNP. Each entry of this list is a vector corre-
sponding to a different contig.

a list with the minimum and maximum SNP position of each contig. Each entry
of this list is a vector corresponding to a different contig.

a list with the number of major-allele reads. Each entry of this list corresponds
to a different contig. Each entry is a matrix where each row is a different site
and each column is a different population.

a list with the number of minor-allele reads. Each entry of this list corresponds
to a different contig. Each entry is a matrix where each row is a different site
and each column is a different population.

a list with the total coverage. Each entry of this list corresponds to a different
contig. Each entry is a matrix where each row is a different site and each column
is a different population.

# load the data from one rc file

data(rcl)

# clean and organize the data in this single file
mydata <- cleanData(file = rcl, pops = 7:10)

# organize the information by contigs

prepareFile(data

= mydata, nPops = 4)
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priorsMatrix Construct matrix of prior limits

Description

Takes as input the minimum and maximum values of the prior distribution for all relevant parameters
and constructs a matrix of prior limits.

Usage

priorsMatrix(model, inputParams)

Arguments
model a character, either 2pops , Single or Parallel indicating which model was
simulated.
inputParams A vector containing the minimum and maximum values of the prior distribution
for each parameter in the model. The input of the CreateParameters function
can be converted into a vector and used here.
Details

The output matrix contains all parameters of a given model and, for each parameter, it contains the
minimum and maximum value of the prior.

Value

a matrix where each row is a different parameter. Note also that each row is named after the corre-
sponding parameter. For each row, the first column contains the minimum value of that parameter
and the second column contains the maximum value.

Examples
# create a vector of input parameters for a model with two populations
inputs <- c(Nref = c(25000, 25000), ratio = c(0.1, 3), pool = c(5, 250), seq = c(0.0001, 0.001),
split = c(0, 3), CW = c(1e-13, 1e-3), WC = c(1e-13, 1e-3), bT = c(0, 0.2))

# construct a matrix with the limits of the prior distribution
priorsMatrix(model = "2pops"”, inputParams = inputs)
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rci Data frame with an example of observed data

Description

Data frame with data in the _rc format for 25 populations Each row of the data frame is a different
site. The first 9 columns contain general information about the site, while the remaining contain the
number of reads observed at that site for each of the 25 populations.

Usage

rci

Format

a data frame with 5000 rows and 59 columns. Each of the columns corresponds to :

coll reference chromosome (contig).

col2 reference position.

col3 reference character.

col4 number of alleles found in all populations.

colS allele characters in all populations (sorted by counts in all populations).

col6 sum of deletions in all populations (should be zero, if not the position may not be reliable).

col7 SNP type: [pop, rc, rc|popl; pop: a SNP within or between the populations; rc: a SNP
between the reference sequence character and the consensus of at least one populaton; rc pop:
both.

col8 most frequent allele in all populations [12345..1].
col9 second most frequent allele in all populations [12345. . ].
col10 - col34 frequencies of the most frequent allele (major) in the form allele-count/coverage.

col35 - col59 frequencies of the second most frequent allele (minor) in the form allele-count/coverage .
Source

Hern n E. Morales et al., Genomic architecture of parallel ecological divergence: Beyond a single
environmental contrast. Sci. Adv.5, eaav9963(2019). DOI:10.1126/sciadv.aav9963
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rc2 Data frame with an example of observed data

Description

Data frame with data in the _rc format for 25 populations Each row of the data frame is a different
site. The first 9 columns contain general information about the site, while the remaining contain the
number of reads observed at that site for each of the 25 populations.

Usage

rc2

Format

a data frame with 5000 rows and 59 columns. Each of the columns corresponds to :

coll reference chromosome (contig).

col2 reference position.

col3 reference character.

col4 number of alleles found in all populations.

colS allele characters in all populations (sorted by counts in all populations).

col6 sum of deletions in all populations (should be zero, if not the position may not be reliable).

col7 SNP type: [pop, rc, rc|popl; pop: a SNP within or between the populations; rc: a SNP
between the reference sequence character and the consensus of at least one populaton; rc pop:
both.

col8 most frequent allele in all populations [12345..1].
col9 second most frequent allele in all populations [12345. . ].
col10 - col34 frequencies of the most frequent allele (major) in the form allele-count/coverage.

col35 - col59 frequencies of the second most frequent allele (minor) in the form allele-count/coverage .
Source

Hern n E. Morales et al., Genomic architecture of parallel ecological divergence: Beyond a single
environmental contrast. Sci. Adv.5, eaav9963(2019). DOI:10.1126/sciadv.aav9963
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regABC Parameter estimation with Approximate Bayesian Computation using
local linear regression

Description

This function performs multivariate parameter estimation based on summary statistics using an
Approximate Bayesian Computation (ABC) algorithm. The algorithm used here is the local linear
regression algorithm.

Usage

regABC(rej, parameter, tol = 1, simple = FALSE)

Arguments
rej is a list with the results of the rejection sampling algorithm. The output of the
rejABC() function is the ideal input here.
parameter is a parameter vector (long vector of numbers from the simulations). Each vector
entry should correspond to a different simulation. This is the dependent variable
for the regression.
tol is the tolerance rate, indicating the required proportion of points accepted nearest
the target values. Note that the default value here is 1 because all points accepted
in the rejection step should be used for the regression.
simple logical, if TRUE a simplified output with only the essential information will be
produced. If FALSE (default) the output will contain more information.
Details

Note that to use this function, the usual steps of ABC parameter estimation have to be performed.
Briefly, data should have been simulated based on random draws from the prior distributions of
the parameters of interest and a set of summary statistics should have been calculated from that
data. The same set of summary statistics should have been calculated from the observed data to
be used as the target for parameter inference. A previous rejection sampling step should also have
been performed, where parameter values were accepted if the Euclidean distance between the set of
summary statistics computed from the simulated data and the set of summary statistics computed
from the observed data was sufficiently small. Then, the output of the rejection step is used as
the input for this function and a local linear regression method is used to correct for the imperfect
match between the summary statistics computed from the simulated data and the summary statistics
computed from the observed data.

The parameter values accepted in the rejection step are weighted by a smooth function (kernel) of
the distance between the simulated and observed summary statistics and corrected according to a
linear transformation. This function calls the function stats: : Im() to accomplish this.
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Value

a list with the results from the regression correction

adjusted regression adjusted parameter values.
unadjusted parameter estimates obtained with the rejection sampling.
wt regression weights.
ss set of accepted summary statistics from the simulations.
predmean estimates of the posterior mean for each parameter.
fv fitted value from the regression.

Examples

# load the matrix with parameter values
data(params)

# load the matrix with simulated parameter values
data(sumstats)

# select a random simulation to act as target just to test the function
target <- sumstats[10 ,]

# parameter estimation using rejection sampling
rej <- rejABC(target = target, params = params, sumstats = sumstats[-10, 1,
tol = 0.01, regression = TRUE)

# parameter estimation using local linear regression
# note that you should select a parameter from the unadjusted matrix
regABC(rej = rej, parameter = rej$unadjusted[, 11)

rejABC Parameter estimation with Approximate Bayesian Computation using
rejection sampling

Description

This function performs multivariate parameter estimation based on summary statistics using an
Approximate Bayesian Computation (ABC) algorithm. The algorithm used here is the rejection
sampling algorithm. The output of this function can be tailored towards a posterior local linear
regression method correction.

Usage

rejABC(target, params, sumstats, tol, regression = FALSE)
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Arguments

target

params

sumstats

tol

regression

Details

a vector with the target summary statistics. These are usually the set of observed
summary statistics.

is a vector or matrix of simulated parameter values i.e. numbers from the sim-
ulations. Each row or vector entry should be a different simulation and each
column of a matrix should be a different parameter.

is a vector or matrix of simulated summary statistics. Each row or vector en-
try should be a different simulation and each column of a matrix should be a
different statistic.

is the tolerance rate, indicating the required proportion of points accepted nearest
the target values.

logical, indicating whether the user intends to perform a local linear regression
correction after the rejection step. If set to FALSE (default) the output of this
function will contain just the results of the rejection step. If set to TRUE, the
output will contain more details required for the regression step.

The rejection sampling algorithm generates random samples from the posterior distributions of the
parameters of interest. Note that to use this function, the usual steps of ABC parameter estimation
have to be performed. Briefly, data should have been simulated based on random draws from the
prior distributions of the parameters of interest and a set of summary statistics should have been
calculated from that data. The same set of summary statistics should have been calculated from the
observed data to be used as the target input in this function. Parameter values are accepted if the
Euclidean distance between the set of summary statistics computed from the simulated data and the
set of summary statistics computed from the observed data is sufficiently small. The percentage of
accepted simulations is determined by tol.

Value

a list with the results of the rejection sampling algorithm. The elements of the list depend of the
logical value of regression.

s.target

unadjusted
Ss

s.sumstat

dst

Examples

a scaled vector of the observed summary statistics. This element only exists if
regression is TRUE.

parameter estimates obtained with the rejection sampling.
set of accepted summary statistics from the simulations.

set of scaled accepted summary statistics from the simulations. This element
only exists if regression is TRUE.

euclidean distances in the region of interest.

# load the matrix with parameter values

data(params)

# load the matrix with simulated parameter values

data(sumstats)
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# select a random simulation to act as target just to test the function
target <- sumstats[10 ,]

# Parameter estimation using rejection sampling
rejABC(target = target, params = params, sumstats = sumstats[-10, ], tol = 0.01)

remove_quantileReads  Remove sites using quantiles of the depth of coverage

Description

Removes sites that have too many or too few reads from the dataset.

Usage

remove_quantileReads(nPops, data)

Arguments
nPops is an integer representing the total number of populations in the dataset.
data is a dataset containing information about real populations. This dataset should
have lists with the allelic frequencies, the position of the SNPs, the range of the
contig, the number of major allele reads, the number of minor allele reads and
the depth of coverage.
Details

The 25% and the 75% quantiles of the coverage distribution is computed for each population in
the dataset. Then, the lowest 25% quantile across all populations is considered the minimum depth
of coverage allowed. Similarly, the highest 75% quantile across all populations is considered the
maximum depth of coverage allowed. The coverage of each population at each site is compared
with those threshold values and any site, where the coverage of at least one population is below or
above that threshold, is completely removed from the dataset.

Value

a list with the following elements:

freqgs a list with the allele frequencies, computed by dividing the number of minor-
allele reads by the total coverage. Each entry of this list corresponds to a dif-
ferent contig. Each entry is a matrix where each row is a different site and each
column is a different population.

positions a list with the positions of each SNP. Each entry of this list is a vector corre-
sponding to a different contig.

range a list with the minimum and maximum SNP position of each contig. Each entry
of this list is a vector corresponding to a different contig.
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rMajor

rMinor

coverage

a list with the number of major-allele reads. Each entry of this list corresponds
to a different contig. Each entry is a matrix where each row is a different site
and each column is a different population.

a list with the number of minor-allele reads. Each entry of this list corresponds
to a different contig. Each entry is a matrix where each row is a different site
and each column is a different population.

a list with the total coverage. Each entry of this list corresponds to a different
contig. Each entry is a matrix where each row is a different site and each column
is a different population.

This output is identical to the data input, the only difference being the removal of sites with too
many or too few reads.

Examples

# load the data from one rc file

data(rcl)

# clean and organize the data in this single file
mydata <- cleanData(file = rcl1, pops = 7:10)

# organize the information by contigs
mydata <- preparefFile(data = mydata, nPops = 4)

# remove sites according to the coverage quantile
remove_quantileReads(nPops = 4, data = mydata)

remove_realReads

Remove sites, according to their coverage, from real data

Description

Removes sites that have too many or too few reads from the dataset.

Usage

remove_realReads(nPops, data, minimum, maximum)

Arguments

nPops
data

minimum

is an integer representing the total number of populations in the dataset.

is a dataset containing information about real populations. This dataset should
have lists with the allelic frequencies, the position of the SNPs, the range of the
contig, the number of major allele reads, the number of minor allele reads and
the depth of coverage.

the minimum depth of coverage allowed i.e. sites where the depth of coverage
of any population is below this threshold are removed.
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Details

remove_realReads

he maximum depth of coverage allowed i.e. sites where the depth of coverage
of any population is above this threshold are removed.

The minimum and maximum inputs define, respectively, the minimum and maximum allowed cover-
age for the dataset. The coverage of each population at each site is compared with those threshold
values and any site, where the coverage of at least one population is below or above the user defined
threshold, is completely removed from the dataset.

Value

a list with the following elements:

fregs

positions

range

rMajor

rMinor

coverage

a list with the allele frequencies, computed by dividing the number of minor-
allele reads by the total coverage. Each entry of this list corresponds to a dif-
ferent contig. Each entry is a matrix where each row is a different site and each
column is a different population.

a list with the positions of each SNP. Each entry of this list is a vector corre-
sponding to a different contig.

a list with the minimum and maximum SNP position of each contig. Each entry
of this list is a vector corresponding to a different contig.

a list with the number of major-allele reads. Each entry of this list corresponds
to a different contig. Each entry is a matrix where each row is a different site
and each column is a different population.

a list with the number of minor-allele reads. Each entry of this list corresponds
to a different contig. Each entry is a matrix where each row is a different site
and each column is a different population.

a list with the total coverage. Each entry of this list corresponds to a different
contig. Each entry is a matrix where each row is a different site and each column
is a different population.

This output is identical to the data input, the only difference being the removal of sites with too
many or too few reads.

Examples

# load the data from one rc file

data(rcl)

# clean and organize the data in this single file
mydata <- cleanData(file = rcl1, pops = 7:10)

# organize the information by contigs
mydata <- prepareFile(data = mydata, nPops = 4)

# remove sites with less than 10 reads or more than 180
remove_realReads(nPops = 4, data = mydata, minimum = 10, maximum = 180)
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runSCRM Run scrm and obtain genotypes

Description

This function will run the scrm package, according to the command line supplied as input. It
will also combine haplotypes into genotypes and re-organize the output if the simulations were
performed under a single origin scenario. This is to ensure that the output of the four-population
models will always follow the same order: the two divergent ecotypes in the first location, followed
by the two divergent ecotypes in the second location.

Usage

runSCRM(commands, nDip, nPops, model)

Arguments
commands A character string containing the commands for the scrm package. This string
can be created using the cmd2pops, the cmdSingle or the cmdParallel func-
tions.
nDip An integer representing the total number of diploid individuals to simulate. Note
that scrm actually simulates haplotypes, so the number of simulated haplotypes
is double of this.
nPops An integer that informs of how many populations exist on the model you are
trying to run.
model Either 2pops , Single or Parallel indicating which model should be simu-
lated.
Value

a list with the simulated genotypes. Each entry is a different locus and, for each locus, different
rows represent different individuals and each column is a different site.

Examples

# create a vector with parameter values for a two populations model

params <- createParams(Nref = c(25000, 25000), ratio = c(0.1, 3), pool = c(5, 250),
seq = c(0.0001, 0.001), split = c(@, 3), CW = c(1e-13, 1e-3), WC = c(le-13, 1e-3),
bT = c(@, 0.2), model = "2pops")

# create the command line for the scrm package
cmds <- cmd2pops(parameters = params, nSites = 2000, nLoci = 10, nDip = 100, mutrate = 2e-8)

# run SCRM and obtain the genotypes
runSCRM(commands = cmds, nDip = 100, nPops = 2, model = "2pops”)
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scaled.migration Compute scaled migration rates

Description

Computes and adds scaled migration rates to a matrix of simulated parameter values.

Usage

scaled.migration(parameters, model, Nref = NA)

Arguments
parameters is a matrix of simulated parameter values i.e. numbers from the simulations.
Each row or vector entry should be a different simulation and each column of a
matrix should be a different parameter.
model a character, either 2pops , Single or Parallel indicating which model was
simulated.
Nref a numeric value indicating the effective population size of the reference popula-
tion.
Details

Migration rates are scaled according to the size of the population receiving the migrants and added
to a matrix with the simulated parameter values. This is performed for the three available models
and according to the specific model conformation.

Value

a matrix of simulated parameter values with added columns containing the scaled migration rates.

Examples

# compute scaled migration for a two-population model
scaled.migration(parameters = myparams, model = "2pops”, Nref = 10000)
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scaledPrior

Compute scaled migration rate limits

Description

Computes and adds scaled migration rates to a matrix with the limits of the prior distributions.

Usage

scaledPrior(limits, model, Nref = NA)

Arguments

limits

model

Nref

Details

is a matrix with two columns and as many rows as there are parameters. Each
row should contain the minimum value of the prior for a given parameter in the
first column and the maximum value in the second column.

a character, either 2pops , Single or Parallel indicating which model was
simulated.

a numeric value indicating the effective population size of the reference popula-
tion.

Migration rates are scaled according to the size of the population receiving the migrants and added
to a matrix with the prior limits. The minimum and maximum possible size of the population and
of the migration rate are used to compute the minimum and maximum possible values of the scaled
migration rates. This is performed for the three available models and according to the specific model

conformation.

Value

a matrix where each row is a different parameter. This matrix is similar to the input argument
limits but with added rows containing the scaled migration rates.

Examples

# create a vector of input parameters for a model with two populations

inputs <- c(Nref = c(25000, 25000), ratio =c(0.1, 3), pool = c(5, 250), seq =c(0.0001, 0.001),

split = c(0, 3), CW = c(1e-13, 1e-3), WC = c(1e-13, 1e-3), bT = c(0, 0.2))

# construct a matrix with the limits of the prior distribution
limits <- priorsMatrix(model = "2pops”, inputParams = inputs)

# compute and add the prior limits of the scaled migration
scaledPrior(limits = limits, model = "2pops”)
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simulationABC

Perform an Approximate Bayesian Computation simulation study

Description

Perform a leave-one-out cross validation for ABC via subsequent calls to the singleABC() function.

Usage

simulationABC(

params,

sumstats,

limits,
nval,
tol,
method,

parallel = FALSE,

ncores

Arguments

params

sumstats

limits

nval

tol

method

parallel

ncores

NA

is a vector or matrix of simulated parameter values i.e. numbers from the simula-
tions. Each row or vector entry should be a different simulation and each column
of a matrix should be a different parameter. This is the dependent variable for
the regression, if a regression step is performed.

is a vector or matrix of simulated summary statistics. Each row or vector en-
try should be a different simulation and each column of a matrix should be a
different statistic. These act as the independent variables if a regression step is
performed.

is a matrix with two columns and as many rows as there are parameters. Each
row should contain the minimum value of the prior for a given parameter in the
first column and the maximum value in the second column.

size of the cross-validation sample i.e. how many different evaluations should be
performed. Each evaluation corresponds to a different target for the parameter
estimation.

is the tolerance rate, indicating the required proportion of points accepted nearest
the target values.

either rejection or regression indicating whether a regression step should be
performed during ABC parameter estimation.

logical, indicating whether this function should be run using parallel execution.
The default setting is FALSE, meaning that this function will utilize a single
core.

a non-negative integer that is required when parallel is TRUE. It specifies the
number of cores to use for parallel execution.
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Details

This function allows users to evaluate the impact of different tolerance rate on the quality of the
estimation with ABC and whether a local linear regression algorithm improves the estimates. In
subsequent steps, different point estimates of the posterior estimates can be compared with the true
values, allowing the users to select the point estimate that leads to lower errors. Thus, performing a
leave-one-out cross validation aids in selecting which point estimate is best - the mean, median or
mode.

Value

a list with the following elements:

true The parameter values of the simulations that served as validation.

rej a list with the estimated parameter values under the rejection algorithm and us-
ing three different point estimates: mode, median and mean. The final entry of
the list is the prediction error for each parameter, considering each of those point
estimates as the estimated value.

reg if method is regression then this is a list with the estimated parameter values
under the regression algorithm and using three different point estimates: mode,
median and mean. The final entry of the list is the prediction error for each
parameter, considering each of those point estimates as the estimated value.

Examples

# load the matrix with parameter values
data(params)

# load the matrix with simulated parameter values
data(sumstats)

# load the matrix with the prior limits
data(limits)

# perform a leave-one-out cross validation for ABC
simulationABC(params = params, sumstats = sumstats, limits, nval = 10,

tol = 0.01, method = "regression”)
sim_modelSel Leave-one-out cross validation of model selection
Description

This function performs a simulation study to assess the quality of model selection with ABC.
This is done by performing a leave-one-out cross validation via subsequent calls to the function
modelSelect().

Usage

sim_modelSel(index, sumstats, nval, tol, warning = FALSE)
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Arguments
index is a vector of model indices. This can be a a character vector of model names,
repeated as many times as there are simulations for each model. This vector will
be coerced to factor and it must have the same length as nrow(sumstats) to
indicate which row of the sumstats matrix belongs to which model.
sumstats is a vector or matrix containing the simulated summary statistics for all the mod-
els. Each row or vector entry should be a different simulation and each column
of a matrix should be a different statistic. The order must be the same as the
order of the models in the index vector.
nval a numerical value defining the the size of the cross-validation sample for each
model.
tol is a numerical value, indicating the required proportion of points nearest the
target values (tolerance).
warning logical, if FALSE (default) warnings produced while running this function, mainly
related with accepting simulations for just one of the models, will not be dis-
played.
Details

One simulation is randomly selected from each model to be a validation simulation, while all the
other simulations are used as training simulations. This random simulation is used as the target of
the modelSelect () function and posterior model probabilities are estimated.

Please note that the actual size of the cross-validation sample is nvalxthe number of models. This
is because nval cross-validation estimation steps are performed for each model.

Value

a list with the following elements:

cvsamples is a vector of length nvalxthe number of models indicating which rows of the
sumstat input were used as validation values for each model.

true a character vector of the true models.

estimated a character vector of the estimated models.

model.probs a matrix with the estimated model probabilities. Each row of the matrix repre-
sents a different cross-validation trial.

models a character vector with the designation of the models.

Examples

# load the matrix with simulated parameter values
data(sumstats)

# select a random simulation to act as target just to test the function
target <- sumstats[10 ,]

# create a "fake"” vector of model indices
# this assumes that half the simulations were from one model and the other half from other model
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# this is not true but serves as an example of how to use this function
index <- c(rep("modell”, nrow(sumstats)/2), rep(”"model2”, nrow(sumstats)/2))

# perform a leave-one-out cross validation of model selection
sim_modelSel(index = index, sumstats = sumstats, nval = 10, tol = 0.1)

singleABC Parameter estimation with Approximate Bayesian Computation for a
single target

Description

Perform multivariate parameter estimation based on summary statistics using an Approximate Bayesian
Computation (ABC) algorithm. This function always uses a rejection sampling algorithm while a
local linear regression algorithm might or might not be used.

Usage

singleABC(target, params, sumstats, limits, tol, method)

Arguments

target a vector with the target summary statistics. These are usually computed from
observed data or selected from a random simulation when performing cross-
validation.

params is a vector or matrix of simulated parameter values i.e. numbers from the simula-
tions. Each row or vector entry should be a different simulation and each column
of a matrix should be a different parameter. This is the dependent variable for
the regression, if a regression step is performed.

sumstats is a vector or matrix of simulated summary statistics. Each row or vector en-
try should be a different simulation and each column of a matrix should be a
different statistic. These act as the independent variables if a regression step is
performed.

limits is a matrix with two columns and as many rows as there are parameters. Each
row should contain the minimum value of the prior for a given parameter in the
first column and the maximum value in the second column.

tol is the tolerance rate, indicating the required proportion of points accepted nearest
the target values.

method either rejection or regression indicating whether a regression step should be
performed during ABC parameter estimation.
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Details

To use this function, the usual steps of ABC parameter estimation have to be performed. Briefly,
data should have been simulated based on random draws from the prior distributions of the param-
eters of interest and a set of summary statistics should have been calculated from that data. The
same set of summary statistics should have been calculated from the observed data to be used as
the target input in this function. Parameter values are accepted if the Euclidean distance between
the set of summary statistics computed from the simulated data and the set of summary statistics
computed from the observed data is sufficiently small. The percentage of accepted simulations is
determined by tol. This function performs a simple rejection by calling the rejABC() function.

When method is regression , a local linear regression method is used to correct for the imperfect
match between the summary statistics computed from the simulated data and the summary statistics
computed from the observed data. The output of the rejABC() function is used as the input of the
regABC() function to apply this correction. The parameter values accepted in the rejection step
are weighted by a smooth function (kernel) of the distance between the simulated and observed
summary statistics and corrected according to a linear transformation.

Value
the returned object is a list containing the following components:
unadjusted parameter estimates obtained with the rejection sampling.
rej.prediction point estimates of the posterior obtained with the rejection sampling.

adjusted regression adjusted parameter values.

loc.prediction point estimates of the regression adjusted posterior.

Ss set of accepted summary statistics from the simulations.
wt regression weights.
Examples

# load the matrix with parameter values
data(params)

# load the matrix with simulated parameter values
data(sumstats)

# load the matrix with the prior limits
data(limits)

# select a random simulation to act as target just to test the function

target <- sumstats[10 ,]

# we should remove the random simulation from the sumstats and params matrices
sumstats <- sumstats[-10, ]; params <- params[-10, ]

# parameter estimation for a single target

singleABC(target = target, params = params, sumstats = sumstats, limits = limits,
tol = 0.01, method = "regression”)
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summary_modelSelect Posterior model probabilities

Description
Extract the posterior model probabilities and obtain a summary of model selection performed with
Approximate Bayesian Computation.

Usage

summary_modelSelect(object, print = TRUE)

Arguments
object a list created by the modelSelect () function, containing results of model selec-
tion with Approximate Bayesian Computation.
print logical, if TRUE (default), then this function prints the mean models probabili-
ties.
Details

This function produces an easy-to-read output of the model selection step. It also computes the
Bayes factors.

Value

a list with two main elements if model selection used the regression algorithm or a single element
if only the rejection step was used:

rejection results of model selection based on the rejection method. This element con-
tains two entries, the first is an object of class numeric with the posterior model
probabilities and the second are the Bayes factors between pairs of models.

mnlogistic results of model selection based on the regression method. This element con-
tains two entries, the first is an object of class numeric with the posterior model
probabilities and the second are the Bayes factors between pairs of models.

Examples

# load the matrix with simulated parameter values
data(sumstats)

# select a random simulation to act as target just to test the function
target <- sumstats[10 ,]

# create a "fake"” vector of model indices

# this assumes that half the simulations were from one model and the other half from other model
# this is not true but serves as an example of how to use this function

index <- c(rep("modell”, nrow(sumstats)/2), rep(”"model2”, nrow(sumstats)/2))
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# perform model selection with ABC
mysel <- modelSelect(target = target, index = index, sumstats = sumstats,
tol = 0.01, method = "regression”)

# compute posterior model probabilities
summary_modelSelect(object = mysel)

sumstats Matrix of summary statistics computed from simulated data

Description

This data set contains a set of 14 summary statistics computed from data simulated under an isola-
tion with migration model of two populations.

Usage

sumstats

Format

a matrix with 10000 rows and 14 columns:

Sf fraction of sites fixed between populations.

Sx1 fraction of exclusive sites for the first population.

Sx2 fraction of exclusive sites for the second population.

SS fraction of sites shared between the two populations.

Mean Hetl mean expected heterozygosity of the first population.

Mean Het2 mean expected heterozygosity of the second population.

SD Hetl standard deviation across loci of the mean expected heterozygosity of the first population.

SD Het2 standard deviation across loci of the mean expected heterozygosity of the second popu-
lation.

Mean HetBet mean heterozygosity between the two populations.

SD HetBet standard deviation across loci of the mean heterozygosity between the two populations.
Mean FST mean pairwise FST between the two populations.

SD FST standard deviation across loci of the mean pairwise FST between the two populations.
FSTQ1 5% quantile of the mean pairwise FST distribution.

FSTQ2 95% quantile of the mean pairwise FST distribution.

Source

simulations performed
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CHAPTER b

Parallel evolution of local adaptation in Littorina saxatilis inferred

with whole-genome pool-seq data




5.1 INTRODUCTION

Understanding the processes involved in the adaptation of populations to different environments is
one of the key goals in evolutionary biology (Seehausen et al., 2014). Divergent natural selection
can drive local adaption of populations to different ecological conditions. Importantly, the action of
divergent natural selection in distinct environments is a common driving force behind population
divergence and the evolution of reproductive isolation, which can ultimately result in new species
(Nosil, 2012; Schluter, 2009). By uncovering the evolutionary drivers of adaptive divergence, we
can improve our understanding of how biodiversity is generated and maintained, both within and
between species. Gene flow between locally adapted populations may oppose local adaptation and
the ensuing divergence process (Akerman & Biirger, 2014; Lenormand, 2002). Thus, the spatial
context of population divergence and the extent (or possibility) of gene flow play a crucial role in
determining the outcome of the speciation process (Smadja & Butlin, 2011). Therefore, a com-
plete understanding of local adaptation and the evolution of reproductive isolation can only be
obtained by considering the biogeographical and demographic history of populations (He et al.,
2019; Hewitt, 2011). Genomic data and coalescent-modeling approaches have been used to infer
such historical sequences of events (Sousa & Hey, 2013). For instance, a recent study by Portinha
et al. (2022) used genomic data from wood ant species and coalescent-based modeling to recon-
struct their demographic history, uncovering a pattern of divergence with continuous asymmetrical
gene flow. Similarly, demographic analysis using whole-genome sequence data of two sympatric
stickleback species showed that a long period of allopatry might have promoted the evolution of

intrinsic incompatibilities (Yamasaki et al., 2020).

The action of divergent natural selection occurring in multiple populations facing similar envi-
ronmental conditions can lead to similar phenotypic traits, a phenomenon known as parallel evo-
lution (Bolnick, Barrett, Oke, Rennison, & Stuart, 2018; Elmer & Meyer, 2011). This phenotypic
parallelism can be explained by different processes, ranging from convergent evolution acting on
de novo mutations arising in different populations, to selection based on standing genetic varia-
tion leading to both phenotypic and genomic parallelism. Given the opposing effect of gene flow
and the randomness of other processes such as genetic drift, parallel evolution stands as one of
the most convincing forms of evidence for the significant and predictable role of natural selec-
tion in driving adaptive evolution (Faria et al., 2014; Nosil, 2012). Moreover, when adaptation to
similarly divergent pairs of environments leads to the repeated evolution of reproductive isolation
(i.e., parallel speciation), it underscores the potential of natural selection in driving the speciation
process (Johannesson, 2001). However, environments can differ along multiple axes, potentially

leading replicate populations to evolve along trajectories that deviate from the parallel expectation
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and vary not only in the magnitude but even in the direction of phenotypic divergence (Langerhans,
2018; Oke, Rolshausen, LeBlond, & Hendry, 2017). Additionally, parallelism at the phenotypic
level does not equate to parallelism at the genomic level given that different genetic changes can

underlie the same phenotypic solution (Bainbridge et al., 2020; Poore et al., 2022).

Examples of parallelism at the phenotypic level associated with varying degrees of parallelism
at the genomic level have been found in populations of the beach mouse, Peromyscus poliono-
tus (Steiner, Rompler, Boettger, Schoneberg, & Hoekstra, 2009) and the American lake whitefish,
Coregonus clupeaformis (Laporte et al., 2015). Another noteworthy example is the marine three-
spine stickleback, Gasterosteus aculeatus, that has independently colonized many freshwater sites.
At each of those sites, the same pattern of reduced armour evolution has been observed (Colosimo
et al., 2005; Jones et al., 2012). This pattern is accompanied by parallelism at the underlying major
quantitative trait locus (EDA; Colosimo et al. 2005), representing a textbook example of phenotypic
and genomic parallelism. Despite this, there are exceptions to this parallelism (Fang, Kemppainen,
Momigliano, Feng, & Merild, 2020), with different levels of lateral plating observed (Hansson, Fis-
cher, Mazzarella, Voje, & Vgllestad, 2016) and the absence of genomic parallelism in the reduction
of pelvic armour in replicate freshwater populations (Chan et al., 2010). Such deviations can be
explained by non-adaptive processes such as genetic drift or differences in gene flow between habi-
tats (Ferchaud & Hansen, 2016; Hendry & Taylor, 2004) or they might reflect adaptive responses to
habitat-specific differences among similar habitats (DeFaveri, Shikano, Shimada, Goto, & Meril4,
2011). Interestingly, results from a meta-analysis suggest that the probability of genomic paral-
lelism depends on the age of the populations and their access to the same pool of standing genetic
variation (Conte, Arnegard, Peichel, & Schluter, 2012). Indeed, genomic parallelism is expected to
be more prevalent in populations that share a common ancestry and are in close geographic prox-
imity (Bohutinsk et al., 2021; Rennison, Delmore, Samuk, Owens, & Miller, 2020). This is not
surprising because populations with a recent shared evolutionary history and higher connectivity
have access to a common pool of standing genetic variation. Conversely, habitat specific changes
in the direction of selection or in the selective pressure itself can lead to nonparallel patterns of
phenotypic divergence (Kaeuffer, Peichel, Bolnick, & Hendry, 2012; Thurman et al., 2023).

Interpreting the pattern of parallel local adaptation in the presence of contemporary gene flow
is not straightforward since it can arise as a consequence of markedly different historical sequences
of events (Johannesson et al., 2010). In particular, two broadly contrasting scenarios can give rise
to this parallel pattern. In one scenario, the initial adaptive divergence evolves once (in sympatry or
allopatry), with subsequent colonization of similar pairs of environments by differentially adapted
forms. Alternatively, divergence occurs repeatedly and independently in multiple localities (Butlin

et al., 2014; Johannesson et al., 2010). Interestingly, even if these repeated origins of phenotypic
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divergence are independent, there is a possibility that the same adaptive alleles are used, possibly
originating from standing genetic variation or gene flow across localities. The first step towards
distinguishing between these alternatives requires the use of putatively neutral genetic markers
to establish the demographic history of the populations. This can be achieved by using genomic
data to inform coalescent-based models of parallel local adaptation integrated in an model-based
inference framework such as Approximate Bayesian Computation (ABC). However, this would
require sampling and sequencing multiple populations across a wide geographical range, which
might quickly become cost prohibitive. A cost-effective approach is to pool DNA from multiple
individuals and sequence them together (pool-seq), which makes it possible to quantify and char-
acterize the genetic variation within and between populations (Schlotterer, Tobler, Kofler, & Nolte,
2014). However, estimates of allele frequency obtained with pool-seq can be affected by variations
in DNA concentration of the pooled individuals and amplification/sequencing efficiency, on top of
more common sources of errors such as depth of coverage variation across sites and sequencing
errors. Nevertheless, pool-seq allows for the analysis of more individuals with similar or more
precise allele frequency estimates compared to individual-based sequencing, making it suitable
for inferring population genetic structure and estimating effective population sizes and divergence
times (Collin et al., 2021; Futschik & Schlétterer, 2010).

Despite a general awareness that different sequences of events can lead to the same pattern of
parallel divergence, relatively few studies have explicitly tested the parallel origin scenario against
alternative hypotheses. Here we apply a recently developed approach (Carvalho, Morales, Faria,
Butlin, & Sousa, 2023) to a large pool-sequencing dataset of the rough periwinkle, Littorina sax-
atilis, to contrast alternative scenarios for the origin of locally adapted ecotypes in this species. This
rocky-shore gastropod has a wide distribution, covering most of the North Atlantic despite having
a low lifetime dispersal (Reid, 1996). Across the species distribution, two ecotypes can be found in
close proximity: a smaller morph with a thin shell and a larger aperture that allows it to withstand
heavier wave exposure and a larger morph with a thicker shell and a small aperture that confers
more protection against crab predation (Johannesson et al., 2010). These ecotypes have been the
focus of numerous studies (e.g. Conde-Padin, Cruz, Hollander, and Rolan-Alvarez 2008; Grahame,
Wilding, and Butlin 2006) and evidence suggests that sexual selection and assortative mating are
also involved in reproductive isolation (Perini, Rafajlovi¢, Westram, Johannesson, & Butlin, 2020).
Recently, multiple chromosomal rearrangements associated with the ecotypes (Faria et al., 2019)
have been connected to variation linked with adaptive traits (Koch et al., 2021). However, some
studies indicate that loci outside inversions may also contribute to the divergence (Kess & Bould-
ing, 2019; Koch, Ravinet, Westram, Johannesson, & Butlin, 2022; Westram, Faria, Johannesson,

& Butlin, 2021). A common thread of most L. saxatilis studies is their focus on only one of three
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European regions: Galicia in northwest Spain, the west coast of Sweden and the northeast coast
of England. An independent and parallel origin of these ecotypes has often been invoked (Que-
sada, Posada, Caballero, Mordn, & Roldn-Alvarez, 2007). However, some of these arguments were
questioned (Butlin, Galindo, & Grahame, 2008) and it has been found that genomic parallelism
is limited (Koch et al., 2022; Ravinet et al., 2016). Furthermore, the Iberian populations share a
demographic history that is clearly different from the remaining European populations (Blakeslee
et al., 2021; Morales et al., 2019; Panova et al., 2011), while the Swedish and British populations
have probably shared a post-glacial colonization history. A single study (Butlin et al., 2014) has
examined and compared different models of the demographic history of the ecotypes across a wide
geographical range. However, this study relied on a limited set of genetic data, specifically mi-
tochondrial and nuclear DNA sequences combined with amplified fragment length polymorphism
data. Building upon previous research, we use whole-genome data to compare and contrast two
explicit scenarios of ecotype formation. Our aim is to determine whether L. saxatilis ecotype for-

mation on a large scale can be attributed to a single event or a series of parallel events.

5.2 MATERIAL AND METHODS

5.2.1 MODELS OF ECOTYPE FORMATION: SINGLE VS. PARALLEL

We compared two contrasting scenarios of ecotype formation (Figure 5.1). We represented these
scenarios using a four-population model, wherein the four extant populations correspond to the two
distinct ecotypes observed at two separate geographical locations. We considered 32 parameters
of interest for both scenarios. These include the size of the four present-day populations, denoted
as N to Ny, as well as the two ancestral populations, NA; and NA,. Additionally, the time of the
recent split events between populations in the first location (RS7) and between populations in the
second location (RS>), as well as the ancient split event (74y) are all measured in generations. We
also considered migration rates between the divergent ecotypes at each location, with m, and my
representing the migration from N; to N> and from N, to Ny, respectively. Similarly, the migration
rates m34 and my3 represent the migration (forward in time) from N3 to N4, and from N4 and Nz,
respectively. We also considered migration between similar ecotypes inhabiting different locations
and between ancestral populations. Note that to avoid increasing the number of parameters under
consideration, the migration rates between similar ecotypes and between ancestral populations were
assumed to be identical regardless of the direction. However, the scaled migration rate 4Nm can

be different. In order to estimate the timing of events, we considered as a parameter the time
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interval between the older recent split event and the ancient split (A; = Tys — RS). We incorporated
the existence of bi-directional or uni-directional barrier loci in our model. For the bi-directional
barrier, we included a parameter (£,,) to control the proportion of loci where there was no migration
in either direction between the divergent ecotypes. As for the uni-directional barrier, we included
parameters P,,, and P, representing the proportion of loci where no migration occurred from Crab
to Wave or from Wave to Crab, respectively. We assumed that these parameters (P,,, P, and
P,.) were the same across both localities. Depending on the topology, the four-population model
can represent either a single origin scenario where ecotypes originate in distinct locations before
dispersing and colonizing two geographic areas (Figure 5.1A), or a parallel origin scenario where
each location is colonized independently, leading to the independent divergence of the distinct

ecotypes (Figure 5.1B).

A

Figure 5.1: Demographic models for the single (A) and parallel (B) ecotype formation scenarios. Dark shading
indicates one of the ecotypes, light shading the other ecotype. Parameters used were: N,.r - effective size of the
ancestral population, NA; and NA; - size of the two ancestral populations, N - N4 - sizes of the present-day populations,
RS - time of separation of the present-day populations at the first location (in generations), RS, - time of separation of
the present-day populations at the second location (in generations), Ty - time of the ancient split event (in generations),
A, - time interval between the two split events (in generations), m,,,| - probability per generation that an individual
migrates from Crab Ny to Wave N, (forward in time), m,,| - probability per generation that an individual migrates
from Wave N, to Crab N; (forward in time), m,,, - probability per generation that an individual migrates from Crab
N3 to Wave Ny (forward in time), m,, - probability per generation that an individual migrates from Wave N4 to Crab
N3 (forward in time), m.; - probability per generation that an individual migrates from Crab N3 to Crab N; (forward
in time), m. - probability per generation that an individual migrates from Crab N; to Crab N3 (forward in time),
my.w1 - probability per generation that an individual migrates from Wave Ns to Wave N, (forward in time), m1,,,9 -
probability per generation that an individual migrates from Wave N, to Wave N4 (forward in time), m,,| - probability
per generation that an individual migrates from NA; to NA; (forward in time) and maa?2 - probability per generation
that an individual migrates from NA; to NA, (forward in time).
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5.2.2 SIMULATION OF POOL-SEQ DATA

We simulated gene trees using coalescent theory and the scrm simulator (Staab, Zhu, Metzler, &
Lunter, 2015). Mutations followed the infinite sites model, with a mutation rate (i) per site per
generation. Gene trees were simulated for each locus with the same sample size as the number
of individuals in the pool, which corresponds to 100 diploid individuals (200 haplotypes) for each
population. During gene tree simulations, the actual haplotypes of all individuals in the pool were
assumed to be known, and the effect of pooling was simulated later. To simulate genotypes, random
mating was assumed within each population, pairing haplotypes randomly at each locus to obtain

genotypes for each biallelic SNP.

To model allele frequencies at biallelic SNPs obtained with pool-seq we followed a series of
steps detailed in Carvalho et al. (2023). We simulated pool-seq data using parameters obtained
from real L. saxatilis pool-seq data (see below). Briefly, we modelled the depth of coverage at each
SNP (number of reads per site) using a negative binomial distribution (Sampson, Jacobs, Yeager,
Chanock, & Chatterjee, 2011). This distribution is defined by the mean and variance of the coverage
of the real data. DNA extraction for the L. saxatilis pool-seq data was performed for batches of
five individuals by combining foot muscle tissue from five snails in one tube (Morales et al., 2019).
The DNA from each batch was then pooled to create the final pools for sequencing. Thus, for each
SNP, we modelled the possibility of uneven contributions between those batches of five individuals.
This uneven contribution was modeled as a multinomial-Dirichlet distribution, where the number
of reads from each batch is given by a multinomial with expected proportion of reads from each

batch following a Dirichlet distribution.

We then modelled the heterogeneity in the contribution of each individual within each batch,
following the same approach: number of reads from each individual as a multinomial distribution,
where the expected proportion of reads from each individual followed a Dirichlet distribution. In
both cases, the dispersion of the Dirichlet distribution is determined by explicit pool-seq error pa-
rameters (Carvalho et al., 2023; Gautier et al., 2013). These parameters influence the variance of the
proportion of reads contributed by each batch or individual, representing the random variation in
the batch or individual contribution to the pool (Carvalho et al., 2023; Gautier et al., 2013). Higher
values of the pool-seq error parameter lead to increased variance, resulting in greater heterogeneity
in the contributions of both individual and batches. This model assumes an equal expected contri-
bution of reads from all individuals, with errors arising from unequal contributions accounted for
through dispersion parameters that affect the variance. To model the potential impact of sequenc-
ing and mapping errors, we considered the possibility that the allele observed in the pool’s reads

might not corresponded to the true genotype of the sampled individuals. For each individual, the
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count of reads with the alternative allele was modeled using a binomial distribution. This distri-
bution assumed that, with a given error rate, the reference allele could be incorrectly identified as
the alternative allele, or vice versa. We then defined which of the two alleles (i.e., reference or
alternative) corresponded to the minor-allele and applied a minor-allele filter, discarding all SNPs
with less than two minor-allele reads. We did not consider sequencing errors occurring at invariant
sites, as the simulated pool-seq data only included polymorphic sites. Furthermore, any such errors
would probably be eliminated by the minor-allele filter. To mimic real L. saxatilis pool-seq data
(see below), we applied a coverage-based filter, removing all sites with a coverage below 14x or
above 204x. Finally, we estimated the minor-allele frequencies as the proportion of reads with the

minor-allele.

5.2.3 ABC IMPLEMENTATION

Our ABC implementation, using a rejection algorithm, followed several steps (Carvalho et al.,
2023). In short, we started by sampling demographic and pool-seq parameters from prior dis-
tributions (Table 5.1). Subsequently, we simulated genotypes for each individual at L loci using
coalescent theory and the sampled demographic history parameters. We then simulated pool-seq
data for each biallelic SNP and implemented filters based on depth of coverage and minor-allele
counts. Afterwards, we computed summary statistics for both the observed and simulated data and
calculated the Euclidean distance between the observed and simulated summary statistics, ensur-
ing standardization so that that all summary statistics have the same mean and variance. Next, we
rejected parameters that led to summary statistics with distances exceeding a specified tolerance
threshold (i.e., rejection step). The accepted parameters from the rejection step are used to approx-
imate the posterior distribution of the parameters. Finally, we applied a post-processing regression

to adjust the accepted parameter values (Beaumont, Zhang, & Balding, 2002).

We chose a set of statistics (Table AS5.1) to capture the patterns of relative diversity and differ-
entiation among populations (Fraisse et al., 2021; Jay, Boitard, & Austerlitz, 2019). These statistics
were computed exclusively for polymorphic sites across all populations. Specifically, we consid-
ered the following statistics: (i) expected heterozygosity, both within each population and between
all pairs of populations (Nei & Roychoudhury, 1974); (i1) Pairwise Fgr values, computed for all
possible population pairs (Bhatia, Patterson, Sankararaman, & Price, 2013); (iii) proportion of
SNPs exhibiting fixed differences between populations (Fraisse et al., 2021); (iv) proportion of
SNPs exclusive to each individual population (Fraisse et al., 2021) and (V) various D-statistics us-
ing different combinations of the P1, P2, and P3 populations (adapted from Malinsky, Matschiner,

& Svardal, 2021). To capture the variation across loci, we considered the mean and standard de-
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viation of the aforementioned statistics. We also considered the 5% and the 95% quantiles of Fgr
because they are expected to provide insights into the impact of barriers to gene flow. In total, we
considered a set of 61 summary statistics for both scenarios of ecotype formation (Table AS.1).
Notably, all of these summary statistics are relative measures of diversity and differentiation (e.g.,

Fsr) and their values are contingent upon the relative branch lengths of coalescent trees.

Table 5.1: Prior distributions and their ranges for each parameter. Parameters are presented for the single and
parallel origin scenarios. n; - relative sizes of the extant populations (n1,n2,n3,n4); na; - relative sizes of the ancestral
populations (nay,nay); rs - relative time of the recent split event; d; - relative time interval between rs and the ancient
split event (tas); €001 - €Xperimental error introduced by the pooling procedures; &, - error associated with sequencing
and mapping errors; m,,, - probability per generation that an individual migrates from the the Crab population to
the Wave population (forward in time), m,,. - probability per generation that an individual migrates from the Wave
population to the Crab population (forward in time); m.. - probability per generation that an individual migrates
between Crab populations from different geographic locations (forward in time); m,,,, - probability per generation
that an individual migrates between Wave populations from different geographic locations (forward in time); mg, -
probability per generation that an individual migrates between ancestral populations (forward in time); P,,, - proportion
of the simulated loci where no migration occurs from the Crab to the Wave population; P, - proportion of the simulated
loci where no migration occurs from the Wave to the Crab population and B, - proportion of the simulated loci where
no migration occurs between ecotypes.

Single origin Parallel origin
parameter distribution  minimum maximum minimum maximum
n; log-uniform 0.1 3 0.1 3
na; log-uniform 0.1 3 0.1 3
rs uniform 0 3 0 3
O uniform 0 3 0 3
€pool uniform 5 250 5 250
Eseq uniform 0.0001 0.01 0.0001 0.01
My uniform 1071 1073 10713 1073
Mye uniform 10713 1073 10713 1073
Mec uniform 10713 1073 10-16 10-*
My uniform 10713 1073 10-16 10-*
Maa uniform 0 10°8 10-16 10-*
Py beta 0 0.2 0 0.2
Py beta 0 0.2 0 0.2
P beta 0 0.1 0 0.1

Given that all summary statistics depend on the relative branch lengths of coalescent trees,
we could increase the efficiency of our simulations by inferring relative demographic parameters
scaled by the ancestral effective population size N, . This approach allowed us to estimate relative
effective sizes, such as ny = N1 /N, y, relative divergence times, such as 8, = A;/4N,.r, and scaled

migration rates, such as 4Nymj;. It should be noted that relative parameters are denoted with
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lowercase letters (e.g., n1), while absolute parameters are represented with uppercase letters (e.g.,
N1). Scaled migration rates (forward in time) specify which population is receiving immigrants,
indicated by the subscript next to N. We estimated relative parameters by performing coalescent
simulations, with the ancestral effective population size set at N,.y = 25000 and the mutation rate
at L = 1.5 x 1078 per site per generation. These parameter values were chosen based on previous
L. saxatilis studies (Butlin et al., 2014). In order to obtain absolute parameter estimates, we used a
re-scaling factor defined as f = obs[S]|/E|[S]. This factor depends on the observed number of SNPs
(obs[S]) and on the expected number of SNPs calculated using the parameter estimates of a given
scenario (E[S]). Under the assumptions of the infinite sites mutation model, the expected number
of segregating sites (E[S]) was determined by considering the expected total branch length (E[T]),
the mutation rate per site (i), and the number of sites (S). This relationship can be expressed
as E[S] = E[T] - u-S (Hudson, 1990). To obtain E[T] we simulated 100,000 gene trees, using
the parameter estimates from the ecotype formation scenario that received the highest posterior
support. The absolute effective population sizes and times of events in generations were then
obtained by multiplying the rescaling factor with the corresponding relative values, i.e., N, = f X n,

and Ty = f X tq, respectively.

5.24 SIMULATION STUDY

To mitigate the computational load associated with simulating entire genomes, we instead sim-
ulated sets of L loci. We assumed complete independence and allowed for free recombination
between all pairs of loci (r;, = 0.5). Additionally, within each locus, we assumed no recombination
(r,y = 0.0). We performed 5 x 10° simulations for each scenario of ecotype formation. In each sim-
ulation, we generated L = 300 independent loci, each consisting of b = 2000 base pairs, sampling
100 diploid individuals from each population. Pool-seq data were generated for each population
by assuming 20 pools, with each pool containing 5 individuals. We assumed that all loci within a
subset (i.e., each set of L = 300 independent loci) share a common demographic history. However,
we modeled a migration rate of zero for a proportion of loci, P,,, P, and P,., to account for the in-
fluence of selection effects resulting from barrier loci. Most of the parameter values were randomly
sampled from uniform or log-uniform prior distributions, as outlined in Table 5.1. The proportions
of the genome without migration (B,,, P,.,, and P,.) were sampled from a Beta distribution specif-
ically designed to reflect a low proportion of loci without migration as a prior assumption. We
truncated the distribution of these parameters, replacing values below the minimum prior range or

above the maximum prior range with the corresponding minimum or maximum values (Table 5.1).
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We performed a leave-one-out cross-validation (Csilléry, Francois, & Blum, 2012) to assess the
accuracy of parameter estimation and model choice. Briefly, we randomly selected a simulation
and used its summary statistics as pseudo-observed data. The remaining simulations were then
utilized to infer the parameters associated with the selected simulation. This process was repeated
for a total of n pseudo-observed datasets. In this context, we define accuracy as the proximity of a
specific point estimate to the true parameter value. We computed the prediction error for parameter

inferences as:

. 1 XLi(6i-0y)
pred = var(®)

(5.1)

where ©; represents the true parameter value of the i pseudo-observed dataset, ®; denotes the
estimated parameter value, and var(®) corresponds to the variance of the true parameter values. We
evaluated the prediction error for parameter inference with n = 5000 pseudo-observed datasets and
considering three different point estimates (mode, median and mean of the posterior distribution,
at two tolerance values (0.005 or 0.01). To evaluate the prediction error for model choice, we used
n = 1000 pseudo-observed datasets. We used two posterior probability thresholds to define the
estimated model for each pseudo-observed dataset. The first threshold was set at 0.5, assigning a
dataset to the model with a posterior probability higher than 0.5. For a more stringent criterion, we
used a threshold of 0.9, only assigning a dataset to a model if its posterior probability exceeded this

threshold. If the posterior probability did not meet the 0.9 threshold, it was classified as “unclear”.

5.2.5 POOL-SEQ DATA FROM LITTORINA SAXATILIS

We contrasted scenarios of ecotype formation using previously published pool-seq data (Morales
et al., 2018) from L. saxatilis populations. We compared populations sampled from Sweden (Ar-
sklovet) and Spain (Burela). At each of those countries, 100 females from the Crab ecotype and an-
other 100 females from the Wave ecotype were sequenced in separate pools (Morales et al., 2019).
DNA was extracted from groups of individuals by combining foot muscle tissue samples from five
snails in one tube. Subsequently, the reads obtained were trimmed using Trimmomatic v0.36 (Bol-
ger, Lohse, & Usadel, 2014) and mapped against the reference genome of L. saxatilis, which was
generated from one individual of the Crab ecotype (Westram et al., 2018). The mapping process
was performed using CLC v5.0.3 from Qiagen Bioinformatics (www.qiagenbioinformatics. com).
After mapping the reads, only those with a mapping score higher than Q20 were retained for further

analysis. The resulting BAM files were processed using SAMtools v1.3.1 (Danecek et al., 2021),
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BEDtools v2.25.0 (Quinlan & Hall, 2010), and Picard tools v2.7.1. For each set of BAM files,
reads with a base quality lower than 30 that mapped to contigs shorter than 500 base pairs were
filtered out. To minimize potential artifacts, sites with a coverage lower than 14x or higher than
204x were excluded. This allowed us to discard low-coverage sites that lacked reads for most indi-
viduals (< 14x), as well as sites in potentially repetitive or duplicated regions that led to unusually
high coverage (>204x). Additionally, we excluded sites that had fewer than two minor-allele reads

observed across all populations.

Recently, the significance of chromosomal inversions in the adaptive divergence of L. saxatilis
has been highlighted (Faria et al., 2019; Koch et al., 2021; Morales et al., 2019). Each inversion
is likely to have its own unique evolutionary history, which can be influenced by a range of de-
mographic and selective processes, including divergent and balancing selection. It is important
to note that the evolutionary dynamics of inversions may differ from the overall population his-
tory. Consequently, to ensure unbiased estimates, it would be necessary to use inversion-specific
inference methods that take into account specific features, such as variable recombination rates be-
tween homozygotes and heterozygotes. As our primary goal was to infer the demographic history
rather than the specific dynamics of inversions, we opted to remove regions that could potentially
be associated or linked with the reported inversions (Westram et al., 2021). The list of retained
and excluded contigs can be found in the Supplementary information. By removing these regions,
we focused the analysis on genomic regions less likely to be influenced by inversion-specific pro-
cesses, thus ensuring a more conservative inference of the neutral demographic history of those
L. saxatilis populations. Due to uncertainty about the precise positions of breakpoints for many
inversions we made the decision to exclude a total of 3671 contigs located within inversions or
buffer regions. This accounts for approximately 3.3% of the entire genome pool-seq dataset. These
excluded contigs were distributed across the genome, with roughly one-third of them located in
chromosomes 10 and 12. Furthermore, we removed all contigs that did not map to known collinear
regions (Westram et al., 2018). Consequently, around 80% of the remaining contigs were excluded

from our analysis, leaving only the known collinear regions.

To reduce computational burden, we saved parameter and summary statistic tables from the
simulation study, which were reused to perform model choice and estimate parameters for the L.
saxatilis populations. We chose the scenario with the highest posterior probability as the preferred
model and performed parameter inference for the selected scenario. Following our strategy of
using subsets of loci, we treated each contig in the L. saxatilis dataset as an independent locus.
To obtain posterior probabilities, we combined 1000 subsets, each consisting of 300 randomly
selected loci (L = 300). The selection process for each subset involved randomly choosing 300

contigs without replacement. From these selected contigs, we then randomly extracted a window of
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b =2000 base pairs. We computed summary statistics for each subset consisting of the 300 selected
windows. Given the reduced number of mapped collinear contigs available (~ 8000), contigs were
reused in different subsets. Nevertheless, due to the high probability of selecting different 2000
base pairs windows, each subset likely represents a distinct combination of loci. The independent
posterior samples obtained from the 1000 subsets of loci were merged, taking into account the
distance between the mean summary statistics of each subset and the overall mean across all loci
in the genome. To achieve this, we used the Epanechnikov kernel, which assigns greater weight
to subsets of loci with means that are closer to the overall mean. This approach was designed to
minimize the influence of outlier subsets of loci on the posterior estimates, given that demographic
history is expected to affect all loci similarly across the genome. All steps were performed using
the R package poolABC (Carvalho et al., 2023). Here we report the mean of the merged posterior
distribution as a point estimate and the 95% credible intervals using weighted quantiles. To re-
scale the relative parameters, we calculated the number of SNPs per window, considering that all
remaining sites were monomorphic. We converted the time of events from generations to years by

assuming a generation time of 0.5 years (Butlin et al., 2014).

5.3 RESULTS

5.3.1 ACCURACY OF ABC POINT ESTIMATES

Results from the simulation study showed that prediction errors were lower, for all parameters,
when using the mean or median with the regression-based adjustment (supplementary Tables A5.2
and AS5.3). Thus, unless specified, hereafter we summarize results obtained using the regression-

based adjustment and the mean as a point estimate, with a tolerance of 0.01.

For the relative effective sizes of present-day populations (Figure 5.1), the prediction errors
ranged between 0.190 and 0.193 for the single origin scenario, and between 0.119 and 0.135 for
the parallel origin scenario. These results indicate that the means of the posterior distributions
provide accurate point estimates of these parameters. When considering the relative sizes of the
ancestral populations (absolute values indicated by NA; and NA, in Figure 5.1), the prediction
errors were similar in the two scenarios of ecotype formation (Table 5.2). In both models, the
prediction error for the relative sizes of ancestral populations, na; and na,, was higher (ranging

from 0.863 to 0.911) than the error observed for the present-day populations.
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Figure 5.2: Results of the cross-validation for parameter estimation. The y-axis displays the estimated values, plotted
against the true parameter values on the x-axis. Estimates correspond to the mean of the posterior obtained with a
tolerance rate of 0.01. The top 6 panels (A-F) show the results for the parallel origin scenario, while the bottom 6
panels (G-L) correspond to the single origin scenario. Parameters shown here are: A and G - relative size of a present-
day population (r;); B and H - relative time of the recent split event in the first location (rs;); C and I - relative time
interval between the two split events (J;); D and J - average number of immigrants per generation in log scale; E and
K - proportion of the simulated loci where no migration occurs between ecotypes (P,,); F and L - pooling error.

This suggests that point estimates are much less accurate for the ancestral effective sizes com-

pared to the present-day populations (Figure 5.2 and supplementary Figures AS5.1 and AS.2). The
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prediction errors for the relative time of the recent split event between populations was lower in the
parallel scenario than in the single scenario. Specifically, at the first location (rs;), the prediction
error was 0.505 for the parallel scenario and 0.616 for the single scenario. Likewise, at the second
location (rs3), the prediction error was 0.513 for the parallel scenario and 0.631 for the single sce-
nario. In contrast, the prediction error for the relative time interval between split events (J;) was

lower for the single origin scenario (0.547) compared to the parallel scenario (0.992).

Table 5.2: Prediction errors for relative parameters estimation. Prediction errors were computed using the mean
of the posterior distribution, obtained after the regression adjustment and a tolerance of 0.01. n; to n4 - relative
population sizes of the extant populations; na; and na; - relative population sizes of the ancestral populations; rs; and
rsy - relative time of the recent split event; J; - relative time interval between rs and the ancient split event (fa;); €001 -
experimental error introduced by the pooling procedures; &, - error associated with sequencing and mapping errors;
Mewl, Mey2 - probability per generation that an individual migrates from the N; or N3 (Crab) population to the N, or
Ns (Wave) population (forward in time), my,c1,myc2 - probability per generation that an individual migrates from the
N, or N4 (Wave) population to the N| or N3 (Crab) population (forward in time); m,. - probability per generation that
an individual migrates from one Crab population to the other (forward in time); m,,, - probability per generation that
an individual migrates from one Wave population to the other (forward in time); m,, - probability per generation that
an individual migrates from one ancestral population to the other (forward in time); 4N;m,,,; and 4N;m,,| - average
number of immigrants per generation (4Nm) from Crab to Wave and from Wave to Crab (respectively) in the first
location; 4Nsmg,» and 4N3m,, - equivalent immigration rates at the second site; 4N;m..1 and 4N;m. - average
number of immigrants per generation from the Crab population in the second location to the first and vice-versa
(respectively); 4N;m,,,1 and 4N;m,,,» - average number of immigrants per generation from the Wave population in the
second location to the first and vice-versa (respectively); 4NA|m,,; and 4NAymy,» - average number of immigrants
per generation from na; to na; and vice-versa (respectively); P, - proportion of the simulated loci where no migration
occurs from the Crab to the Wave population; P, - proportion of the simulated loci where no migration occurs from the
Wave to the Crab population and F,, - proportion of the simulated loci where no migration occurs between ecotypes.

parameter single parallel parameter single parallel
ni 0.182 0.119 My 0.196 0.148
ny 0.182 0.132 Myq 1.021 0.977
n3 0.193 0.135 4Nim ey 0.330 0.287
n 0.190 0.129 4Nimy,e1 0.319 0.266
nay 0.863 0.883 4ANimey) 0.333 0.308
na; 0.911 0.907 4N;my,c0 0.332 0.326
sy 0.616 0.505 4Nimec 0.254 0.143
rsy 0.631 0.513 4ANimee 0.263 0.146
Os 0.547 0.992 AN;imy1 0.266 0.133
Epool 0.082 0.138 4AN;my2 0.252 0.140
Eseq 0.021 0.022 4NA 1mgq1 0.934 0.979
Myl 0.469 0.449 4ANA>M a2 0.952 0.981
Mey2 0.472 0.465 Pey 0.800 0.827
Mycl 0.451 0.427 Py 0.753 0.814
Mye2 0.468 0.480 P 0.094 0.140
Mee 0.211 0.154
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Although we parameterized our models using prior immigration rates m;;, which represent the
probability of a lineage migrating from population i to j in each generation, we focus here on the
average number of immigrants per generation denoted as 4N;m;;. In this context, N; represents
the effective size of the population that receives immigrants. This measure takes into consideration
both migration, which is proportional to m; ;, and genetic drift, which is proportional to N;. Notably,
when 4N;m;; > 1, migration occurs at a higher rate than drift. Prediction errors for average number
of immigrants per generation between the divergent ecotypes were similar for the two scenarios of

ecotype formation, ranging from 0.266 to 0.333 (Table 5.2).

Regarding the number of immigrants between populations of the same ecotype inhabiting dif-
ferent locations, the prediction errors were slightly lower in the parallel scenario (~ 0.150) com-
pared to the single origin scenario (~ 0.200). The prediction errors for the number of immigrants
between ancestral populations were high in both scenarios, ranging from 0.934 to 0.981. In contrast
to the high prediction error observed for the proportion of loci without migration from the Crab to
the Wave ecotype (P.,) and vice versa (P,,), which was approximately 0.8 in both scenarios, the
proportion of loci without migration in either direction (P,,) was accurately estimated. The predic-
tion error for P,, was 0.140 in the parallel scenario and 0.094 in the single origin scenario (Table
5.2).

Finally, and although our primary goal was to infer demographic parameters while explicitly
modeling pool-seq data and treating pooling and sequencing errors as nuisance parameters, we also
provide the prediction error for these parameters. The accuracy of the inference of the pooling
error was similar to that of other parameters, with errors ranging from 0.082 to 0.138 (Table 5.2).
This parameter was reasonably well estimated by the posterior mean when simulations were done
with pooling errors above 150% (Figure 5.2). For the sequencing error, prediction error was low
(~ 0.02, Table 5.2 and supplementary Figures A5.1 and AS5.1), probably because of the number of

individuals considered here.

5.3.2 ACCURACY OF MODEL CHOICE

The results of our simulation study demonstrate that the combination of ABC with pool-seq data
effectively enables to distinguish between the two scenarios of ecotype formation considered here.
Using a 50% posterior probability threshold, the correct model was successfully inferred for 988
out of 1,000 pseudo-observed datasets simulated under the parallel origin scenario, with a mean
posterior probability of 0.976. Similarly, for the single origin scenario, the correct model was in-
ferred for 989 pseudo-observed datasets, with a mean posterior probability of 0.995 (Figure 5.3A).
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In cases where the model with the highest posterior probability was incorrect, its posterior proba-
bility was lower. Specifically, when the parallel origin scenario was incorrectly inferred as single
origin, the posterior probability was 0.671 and, when the single origin scenario was mistakenly
inferred as parallel origin, the posterior probability was 0.899. Even with a more stringent thresh-
old of 90% posterior probability, ABC analysis continued to successfully differentiate between the
two scenarios. Out of the pseudo-observed datasets analyzed, the correct model was inferred for
913 datasets of parallel origin (with 87 classified as unclear), and for 973 datasets simulated under

single origin, with 6 incorrectly assigned to parallel and 21 classified as unclear (Figure 5.3B).

B unclear B Parallel | Single

A B

1000 1000
750 750
>
1%}
c
)
= 500 500
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(19
250 250
0 0
Parallel Single Parallel Single

Figure 5.3: Model misclassification for the parallel and single origin models. Misclassification is based on the confu-
sion matrix obtained using two different thresholds: (A) Simulations assigned to a model if posterior probability was
above 0.5 or (B) Simulations assigned to a model only if posterior probability was above 0.9 (B).

5.3.3 MODEL CHOICE AND PARAMETER INFERENCE OF LITTORINA
SAXATILIS

Our analysis of the Crab and Wave ecotypes sampled from two geographically distant locations (Ar-

sklovet in Sweden and Burela in Spain) provides strong support for the parallel origin model. The
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posterior probability obtained using the rejection algorithm was 0.993, while the posterior proba-
bility obtained using logistic regression was 1.000. Thus, we report here the parameter estimates
obtained using the parallel origin scenario. To simplify the presentation of results, we re-scaled
relative parameters to absolute effective sizes and time of events in years, using k to indicate thou-
sands (Table 5.3, but refer to Table AS5.4 for the relative estimates). The re-scaling process was
conducted after combining the posterior distributions from 1000 subsets of loci, assigning more

weight to subsets of loci with summary statistics closer to the overall mean of the entire genome.

Table 5.3: Absolute parameter estimates for Littorina saxatilis populations. Results are shown for the parallel
origin scenario using the Arsklovet and Burela populations. For this model N; and N, correspond, respectively, to
the absolute size of the Arsklovet Crab and Wave populations, while N3 and N4 correspond to the absolute size of the
Burela Crab and Wave populations, respectively. For each parameter, the value outside brackets corresponds to the
re-scaled mean of the posterior distribution and in-between brackets is the 95% credible interval. RSy, RS> and A, are
presented in years. Parameters indicated here are the same as in table 5.2, except for P,,, which is converted to the
percentage of the genome where no migration occurs between ecotypes.

parameter absolute estimate
N 8842 (6434 - 16442)
Ny 11562 (7404 - 23233)
N3 36816 (17565 - 88184)
Ny 25573 (12204 - 59078)
NA| 42654 (7098 - 138326)
NA, 59906 (8068 - 142922)
RS 14675 (2655 - 115400)
RS> 57296 (10723 - 241318)
Ag 220941 (31604 - 298711)
AN> 11 15.8 (4.2-35.4)
4N1mye1 10.4 (2.8 - 23.3)
ANgmeyn 8.3(1.8-20.4)
4AN3myeo 23.4(4.7-62.4)
AN1meey 0.5(0.2-1.0)
4N3micco 2.3(0.8-4.7)
4N2mwwl 0.3 (0.1 - 0.6)
ANamy0 0.7(0.2-1.4)
4NA1mgq1 3.3(0.2-12.9)
ANA2 My 4.2(0.2-15.5)

P 3.7(0.5-8.8)
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Estimates based on the parallel origin scenario show that, in Spain, the present-day Crab popu-
lation has a larger effective size of approximately 37k (95% CI: 18k - 89k) compared to the Wave
population, which has an effective size of approximately 26k (95% CI: 12k - 59k). In contrast, the
present-day populations in Sweden exhibit smaller effective sizes relative to the Spanish popula-
tions (Table 5.3), with the Wave population having a slightly larger effective size of approximately
12k (95% CI: 7k - 23k) compared to the Crab population, which has an effective size of ~ 9k
(95% CI: 6k - 16k). Our parameter estimates suggest that the two ecotypes diverged approximately
15,000 years ago (95% CI: 3k to 115k years) in Sweden (RS7), with a much older split between
Crab and Wave ecotype populations in Spain (RS3), occurring ~ 57,000 years ago (95% CI: 11k
to 241k years). This divergence process was accompanied by gene flow in both countries. How-
ever, there were differences in the pattern, with higher scaled immigration (4Nm) from the Crab
into the Wave ecotype in Sweden and from the Wave into the Crab ecotype in Spain (Table 5.3).
Parameter estimates suggest that the separation between Spanish and Swedish populations (7x;)
occurred 278k years ago (95% CI: 42k to 540k years). The point estimates also supported a larger
ancestral effective size of the Spanish population (mean ~ 60k, 95% CI: 8k - 142k) compared with
the Swedish population (mean ~ 43k, 95% CI: 7k - 138k). Lastly, we inferred a mean proportion
of loci without migration in either direction (P,,) of approximately 4% with an upper CI close to
9% (Table 5.3). Furthermore, the proportion of loci without migration from Crab to Wave was
approximately 2% (95% CI: 0% - 17.2%), and from Wave to Crab, it was around 3% (95% CI: 0%
- 18.6%).

5.4 DISCUSSION

We contrasted two possible scenarios of ecotype formation in L. saxatilis by using whole-genome
data obtained with pool-sequencing. We used a recently developed model-based method that is
specifically designed for analysing pooled-sequencing data (Carvalho et al., 2023). This method
combines an ABC (Approximate Bayesian Computation) inference framework with the explicit
modeling of the various sources of error associated with pool-sequencing. By incorporating those
sources of error into the analysis, we aimed to avoid biases in demographic estimates due to pool-

S€( errors.
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5.4.1 POOL-SEQ DIFFERENTIATES BETWEEN COMPLEX
SCENARIOS OF ECOTYPE FORMATION

The prediction errors obtained with the simulation study show that, for the datasets analysed here,
the means of the posterior distributions provide accurate point estimates for most demographic
history parameters of both scenarios of ecotype formation. The clear exceptions were the param-
eters related with the ancestral populations, such as the relative sizes of those populations and
the migration between them. The high uncertainty associated with these parameters suggests that
the summary statistics used do not contain information about older events. This observation is
supported by the posterior distributions of these parameters in L. saxatilis, as they show minimal
deviation from their prior distributions (Figure 5.4). Most of the remaining demographic history
parameters exhibited similar prediction errors for both scenarios (Table 5.2). However, the predic-
tion error for the relative time interval between split events (J;) is higher for the parallel origin than
the single origin scenario. This disparity can be explained by the underlying topology of the par-
allel origin scenario. In this scenario, the diverging ecotypes found at each location have a shared
evolutionary history and experience ongoing gene flow between them. Consequently, accurately
inferring past events in such a complex context can prove challenging. Another possible explana-
tion is the existence of a lower migration rate between ancestral populations in the single origin
scenario (Table 5.2). Furthermore, there is also a slightly larger prediction error for migration rates
between the same ecotypes in the single origin scenario. This can be attributed to the challenge of
distinguishing between gene flow and incomplete lineage sorting within populations that share a

common evolutionary history in the single origin model.

Even though we discarded the majority of available contigs, results from our simulation study
confirm that pool-seq provides sufficient information to differentiate between complex scenarios
of ecotype formation. Remarkably, this distinction remains possible even when setting a high
threshold for posterior probability, as indicated by the proportion of correctly assigned simulations
with 90% posterior probability above 0.9 for both models (Figure 5.3B). This result is surpris-
ing considering the high connectivity between populations in our model, where virtually all pairs
of populations have the potential for migration (Figure 5.1). Nevertheless, the single and paral-
lel origin scenarios considered here exhibit different mean values for various summary statistics
(Figure A5.3), which accounts for our ability to distinguish between them (Marin, Pillai, Robert, &
Rousseau, 2014). Using this approach, we found evidence that supports a parallel origin of the Crab
and Wave ecotypes, without allopatric separation, and after colonization of the different regions by
an ancestral population, which is consistent with the findings of Butlin et al. (2014). However, we

did not specifically include periods of allopatry (i.e. isolation without gene flow) in our models.
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Thus, it it remains a possibility that periods of allopatry played a role in the evolution of L. saxatilis
ecotypes. Additionally, it is worth noting that the support for our findings is based on neutral loci
and thus, it is still uncertain whether the alleles responsible for adaptive traits, potentially associated

with inversions, have evolved in parallel.

5.4.2 RECENT PARALLEL ORIGIN OF LITTORINA SAXATILIS
ECOTYPES

Our results support a relatively recent divergence of the ecotypes in both countries. Notably, the
divergence in Sweden appears to be more recent, around 15,000 years ago, while in Spain, it took
place approximately 57,000 years ago. These results are aligned with the hypothesis of a recent
postglacial colonization of Swedish islands (Panova et al., 2011) and match previous estimates for
Swedish populations (Carvalho et al., 2023). The estimates obtained by Butlin et al. (2014) date the
divergence of the ecotypes to approximately 19k or 30k years ago, depending on the populations

pairs analysed.

These estimates fall in-between the range of our estimates, which could be attributed to the fact
that Butlin et al. (2014) included a single ecotype formation split event, thereby not accounting
for potential variations between regions. The separation of ecotypes occurred relatively recently
compared to the separation of populations in different regions, which we estimated to have taken
place around 278,000 years ago. This suggests that the time interval between ancestral geographic
structuring in Europe and the formation of the ecotypes was roughly 221k years in Spain and 263k
years in Sweden. Nevertheless, it is likely that the split between different regions inferred here
reflects an older split between Iberia and a northern refuge located outside of Sweden. Indeed, the
formation of the Crab ecotype in Sweden required the arrival of predators selecting for the Crab
ecotype, which occurred progressively in warming regions after the last glacial maximum. Thus,
it is likely that L. saxatilis populations did not exist in Sweden for more than 200k years without
ecotype formation. It is possible that the ecotypes were repeatedly formed and lost due to habitats
changes associated with glacial fluctuations. This phenomenon could have had a more pronounced
impact in Sweden, where such oscillations are expected to be more intense and frequent. Therefore,
our estimates of approximately 15k years ago in Sweden and 57k years ago in Spain, may just

reflect the most recent split between the two ecotypes.
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Figure 5.4: Posterior distributions of relative L. saxatilis parameters with regression adjustment and a tolerance of
0.01. Prior distributions are shown as a dotted blue line for reference. A - relative size of Arsklovet Crab (n;) and
Wave populations (n;), B - relative size of Burela Crab (n3) and Wave populations (n4), C - relative size of ancestral
populations (na; and nay), D - relative time of the recent split events (rs; and rsy), E - relative time interval between
the two split events (&), F - proportion of the genome without migration (P,,), G - average number of immigrants
per generation (4Npmc,,; and 4Nym,1) in Arsklovet, H - average number of immigrants per generation (4Namicy0
and 4N3m,,) in Burela, I - average number of immigrants per generation (4Nym..; and 4N3m.») between Crab
populations, J - average number of immigrants per generation (4Npm,,,; and 4Nym,,,») between Wave populations,
K - average number of immigrants per generation (4NA|m,,; and 4NAym,,) between ancestral populations and L -
pooling error.



Additionally, the time period until ecotype formation could have been influenced by local ex-
tinctions triggered by factors such as toxic algal blooms (Johannesson & Johannesson, 1995), which
could lead to population reestablishment through individuals carrying alleles from source popula-
tions of both ecotypes (Butlin et al., 2014). We found that the effective size of the Crab ecotype
population in Spain was larger than that of the Wave ecotype population, whereas the Wave pop-
ulation in Sweden displayed a slightly larger effective size compared to the Crab population. Our
estimates also support a lower effective size for current populations compared to ancestral popula-

tions, confirming a lack of support for past population expansions (Butlin et al., 2014).

The larger effective sizes of both present-day and ancestral populations in Spain could be at-
tributed to various factors. One possibility is that these differences could arise from variations
in carrying capacities or population densities between the two geographical locations. Alterna-
tively, this difference might reflect historical demographic dynamics, such as population bottle-
necks caused by toxic algal blooms in Sweden (Johannesson & Johannesson, 1995), potentially
leading to more pronounced founder events in Sweden compared to Spain. Furthermore, the ob-
served differences could be attributed to the proximity of Spanish populations to glacial refugia
(Blakeslee et al., 2021; Bosso et al., 2022), which could have acted as safe havens during past
glacial periods, allowing populations in Spain to retain larger sizes. Additionally, the larger ef-
fective size of the Spanish Crab population could be due to patterns of gene flow, given that we
estimated a higher migration rate from the Wave to the Crab population in Spain (Table 5.3). On
the whole, our estimates suggest that L. saxatilis effective population sizes remained consistently

large, possibly due to gene flow and a high degree of cold-tolerance.

As mentioned, we did not specifically include periods without gene flow in our models and
thus, caution is needed when considering the extent of gene flow between the ecotypes during the
divergence process. Nevertheless, our results indicate that the divergence process between ecotypes
in both Spain and Sweden was accompanied by gene flow. Specifically, we observed high migration
rates between the divergent ecotypes, with values exceeding 4Nm > 10 in most of the comparisons
examined. Interestingly, we inferred a slightly higher migration rate from Crab to Wave ecotype in
Sweden. This is consistent with the suggested higher net dispersal from the Crab to Wave ecotype
as an explanation for the observed shift in cline centers towards the Wave habitat on Swedish islands
(Westram et al., 2021).

In summary, our results argue in favor of a demographic history characterized by the spatial
division of an ancestral population into a Spanish ancestral population and another ancestral popu-
lation from which the ecotypes in Spain and Sweden, respectively, originated. Over time, distinct

habitat-associated populations evolved at each of those geographic locations, while still experi-
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encing gene flow between the diverging ecotypes. Thus, the available evidence strongly supports
the conclusion that the Crab and Wave ecotypes observed in L. saxatilis arose as a result of di-
vergent selection, despite the ongoing exchange of genetic material between them. This interplay
between divergent selection and gene flow likely played a crucial role in shaping the evolutionary
history of the L. saxatilis ecotypes, influencing the evolution of chromosomal rearrangements such
as inversions (Ortiz-Barrientos, Engelstddter, & Rieseberg, 2016). Understanding the evolutionary
processes that led to the emergence of these ecotypes not only sheds light on the population dynam-
ics of L. saxatilis, but it also provides valuable insights into the mechanisms of parallel ecological
adaptation and speciation. Despite some limitations, our findings indicate that combining pool-seq
with ABC is an effective approach for investigating parallel evolution across a wide geographical
range. The approach detailed here should be applied to other L. saxatilis populations, including

additional sampling locations in Sweden, Spain and the United Kingdom.
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5.6 APPENDIX

Table A5.1: Set of summary statistics considered. Different combinations of D-statistics were employed to examine
the level of introgression occurring between the distinct ecotypes. For D-statistic 1, P1 represented the Wave population
in the first location (N,), P2 stood for the Wave population in the second location (N4), and P3 denoted the Crab
population at the first location (N7). For D-statistic 2, P1 again referred to the Wave population at the first location
(N>), while P2 now represented the Crab population in the second location (3), and P3 was the Crab population at
the first location (V;). D-statistic 3 retained P1 as the Wave population at the first location (N,), designated P2 as
the Crab population at the first location (N;), and P3 as the Wave population in the second location (N4). In all these
combinations, P4 was assumed to be an outgroup fixed, at all sites, for the major allele. For the proportion of exclusive
SNPs, we computed this per location i.e. checking if each site was segregating in one population but not in the other
population inhabiting the same location and globally by computing the proportion of sites that were segregating in only
one population and not in the other three. For the proportion of shared or fixed differences SNPs, we computed this for
the two populations that inhabit the same location and globally by comparing each population with the other three.

summary statistic four-populations
mean heterozygosity 4 values (1 per population)
SD heterozygosity 4 values (1 per population)
mean heterozygosity between populations 6 pairwise values

SD heterozygosity between populations 6 pairwise values
pairwise Fgr 6 pairwise values

SD Fsr 6 pairwise values
5%Fsr 6 pairwise values
95%Fsr 6 pairwise values
proportion of fixed differences 3 values
proportion of exclusive SNPs 5 values
proportion of shared SNPs 3 values

mean D-statistic 1 1 value

mean D-statistic 2 1 value

mean D-statistic 3 1 value

SD D-statistic 1 1 value

SD D-statistic 2 1 value

SD D-statistic 3 1 value

total 61
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Table A5.2: Prediction errors for the parallel origin parameters. Parameter inference was performed using a
simple rejection or a regression adjustment using a local linear regression. For each method, values are presented
for two different tolerance rates. n; to n4 - relative population sizes of the extant populations, na; and na, - relative
population sizes of the ancestral populations, rs; and rsy - relative time of the recent split events, & - relative time
interval between rs and the ancient split event (f45), €p00 - €xperimental error introduced by the pooling procedures,
E5eq - errOr associated with sequencing and mapping errors, #1¢,,1 and m.,, - probability per generation that an individual
migrates from the Crab population to the Wave population in the first and second locations, respectively (forward in
time), m,,.] and m, - probability per generation that an individual migrates from the Wave population to the Crab
population in the first and second locations, respectively (forward in time), m,. - probability per generation that an
individual migrates from one Crab population to the other (forward in time), m,,, - probability per generation that an
individual migrates from one Wave population to the other (forward in time), m,, - probability per generation that
an individual migrates from one ancestral population to the other (forward in time), P, - proportion of the simulated
loci where no migration occurs from the Crab to the Wave population; P, - proportion of the simulated loci where
no migration occurs from the Wave to the Crab population, P,, - proportion of the simulated loci where no migration
occurs between ecotypes, 4Nom,,,; and 4Nym,,.; - average number of immigrants per generation from Crab to Wave
and from Wave to Crab (respectively) in the first location, 4Nym,,» and 4N3m,,» - average number of immigrants per
generation from Crab to Wave and from Wave to Crab (respectively) in the second location, 4Njm..; and 4N3m -
average number of immigrants per generation from the Crab population in the second location to the first and vice-versa
(respectively), 4Nom,,,1 and 4Nym,,,» - average number of immigrants per generation from the Wave population in the
second location to the first and vice-versa (respectively), 4NAmq,1 and 4NAym,qp - average number of immigrants per
generation from na; to na; and vice-versa (respectively).

REJECTION REGRESSION
tolerance of 0.005 tolerance of 0.01 tolerance of 0.005 tolerance of 0.01
parameter mode median mean mode median mean mode median mean mode median mean
ni 0.94 0.49 0.44 1.04 0.55 0.49 0.12 0.12 0.13 0.13 0.12 0.13
n 0.92 0.49 0.44 1.03 0.55 0.48 0.13 0.12 0.13 0.13 0.13 0.13
n3 0.97 0.50 0.46 1.05 0.53 0.48 0.14 0.14 0.14 0.13 0.13 0.13
ng 1.01 0.53 0.47 1.05 0.53 0.49 0.12 0.12 0.13 0.12 0.12 0.13
nay 2.00 1.13 0.96 1.97 1.13 0.98 1.96 0.97 0.90 1.91 0.99 0.93
nay 1.99 1.14 0.98 1.95 1.12 0.97 1.93 1.01 0.93 1.92 0.96 0.91
sy 1.49 0.79 0.80 1.37 0.79 0.80 0.74 0.51 0.50 0.82 0.52 0.51
rsa 1.37 0.73 0.77 1.42 0.78 0.80 0.72 0.49 0.48 0.81 0.53 0.52
O 2.81 0.99 0.99 3.04 1.00 1.00 2.66 1.05 1.00 2.79 1.02 0.99
€pool 0.44 0.34 0.39 0.50 0.39 0.44 0.13 0.13 0.13 0.14 0.14 0.14
E5eq 0.25 0.21 0.26 0.27 0.27 0.33 0.03 0.02 0.02 0.03 0.03 0.02
Mewl 1.61 0.80 0.85 1.80 0.84 0.87 0.66 0.49 0.47 0.61 0.45 0.45
Mew2 1.68 0.81 0.85 1.70 0.84 0.88 0.61 0.44 0.44 0.63 0.47 0.46
Mypel 1.55 0.81 0.85 1.55 0.84 0.88 0.62 0.46 0.45 0.54 0.42 0.43
Myye2 1.74 0.81 0.85 1.83 0.86 0.89 0.55 0.41 0.41 0.65 0.48 0.48
Mee 0.86 0.54 0.57 0.95 0.54 0.59 0.16 0.15 0.15 0.17 0.16 0.15
My 0.83 0.51 0.55 0.92 0.56 0.60 0.15 0.14 0.14 0.16 0.15 0.15
Maq 2.73 0.99 0.99 2.79 0.98 0.98 2.50 1.05 0.99 2.66 1.02 0.98
Py 2.81 1.01 0.97 2.85 1.04 0.98 2.18 0.86 0.78 2.28 0.92 0.83
Py 275 1.05 0.97 2.81 1.04 0.98 2.12 0.87 0.78 2.33 0.91 0.81
P 0.75 0.30 0.30 0.79 0.31 0.32 0.28 0.17 0.14 0.28 0.18 0.14
4ANamey 1.16 0.76 0.65 1.24 0.82 0.68 0.33 030 029 0.34 030 029
4N1mye1 1.17 0.78 0.67 1.21 0.82 0.70 0.34 0.29 0.28 0.33 0.28 0.27
4Ngmey 1.21 0.80 0.68 1.26 0.83 0.71 0.32 0.28 0.28 0.36 0.31 0.31
4N31m,0e0 1.18 0.78 0.67 1.25 0.83 0.70 0.34 0.29 0.29 0.39 0.34 0.33
4N1mee1 0.93 0.62 0.52 0.99 0.67 0.54 0.14 0.14 0.14 0.15 0.14 0.14
4N3meco 0.94 0.62 0.52 0.99 0.66 0.55 0.17 0.16 0.16 0.15 0.14 0.15

AN 1My001 0.91 0.61 0.51 0.98 066  0.54 0.15 0.14  0.14 0.14 0.13 0.13
ANgmyp2 0.94 062 051 1.00 0.67 0.56 0.14 0.13 0.13 0.15 0.14  0.14
4ANA Mg 1.68 1.16  0.98 1.67 1.16  0.99 1.65 1.12  0.98 1.65 1.12 098
ANA M gqn 1.65 1.17 0.99 1.68 1.16  0.99 1.61 .12 098 1.66 1.12 098
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Table A5.3: Prediction errors for the single origin parameters. Parameter inference was performed using a simple
rejection or a regression adjustment using a local linear regression. For each method, values are presented for two
different tolerance rates. n; to ny4 - relative population sizes of the extant populations, na; and na; - relative population
sizes of the ancestral populations, rs; and rs; - relative time of the recent split events, §; - relative time interval
between rs and the ancient split event (t45), €po0r - €xperimental error introduced by the pooling procedures, &y -
error associated with sequencing and mapping errors, m.,1 and m.,; - probability per generation that an individual
migrates from the Crab population to the Wave population in the first and second locations, respectively (forward in
time), my,,.1 and m, - probability per generation that an individual migrates from the Wave population to the Crab
population in the first and second locations, respectively (forward in time), m,. - probability per generation that an
individual migrates from one Crab population to the other (forward in time), m,,,, - probability per generation that an
individual migrates from one Wave population to the other (forward in time), m,, - probability per generation that
an individual migrates from one ancestral population to the other (forward in time), P,,, - proportion of the simulated
loci where no migration occurs from the Crab to the Wave population; P, - proportion of the simulated loci where
no migration occurs from the Wave to the Crab population, P,, - proportion of the simulated loci where no migration
occurs between ecotypes, 4Nom,,,; and 4Nym,,.| - average number of immigrants per generation from Crab to Wave
and from Wave to Crab (respectively) in the first location, 4Nsm,,» and 4N3m,,» - average number of immigrants per
generation from Crab to Wave and from Wave to Crab (respectively) in the second location, 4Njm..; and 4N3m -
average number of immigrants per generation from the Crab population in the second location to the first and vice-versa
(respectively), 4Nom,,,1 and 4Nym,,,» - average number of immigrants per generation from the Wave population in the
second location to the first and vice-versa (respectively), 4NA1mq,1 and 4NAym,qp - average number of immigrants per
generation from na; to na; and vice-versa (respectively).

REJECTION REGRESSION
tolerance of 0.005 tolerance of 0.01 tolerance of 0.005 tolerance of 0.01
parameter mode median mean mode median mean mode median mean mode median mean
ny 126 0.66  0.58 1.39 070  0.62 0.18 0.17  0.18 0.18 0.17  0.18
n 1.25 0.67  0.60 1.35 0.69  0.61 020 019 0.20 019 0.17 0.18
n3 120  0.64 0.58 129  0.66  0.60 0.19 0.18 0.19 0.19 0.18 0.19
n4 126 0.68  0.60 1.40  0.71 0.63 020 0.19 0.20 0.21 020 021
naj 1.99 .13 0.98 1.97 1.16  0.99 1.91 099  0.89 1.92 1.02  0.90
nap 1.92 1.10  0.98 1.97 .13 0.99 1.86 1.00 091 1.91 1.03  0.92
sy 1.23 086  0.83 120 085 0.84 1.01 0.69  0.63 1.06  0.68  0.64
2 1.21 085 0.84 1.28 0.88  0.86 1.07 0.73  0.68 1.09 072  0.66
O 1.66 077  0.79 1.69 078  0.80 0.85 0.62 057 082 059 055
€pool 0.57 034 034 072 039 039 0.09 0.09 0.09 0.10  0.09 0.09
Eseq 022 018 023 0.27 024 029 002 0.02 0.02 002 0.02 0.02
Mewl 1.89 0.88 091 2.07 090 092 066 050  0.49 0.61 047 047
Mew? 2.01 090 092 2.23 090 093 062 046 045 0.63 0.48 047
Mypel 204 088 091 202 090 092 064 048 047 060 045 045
Myped 2.05 0.88 0091 216 091 0.93 0.68 050 049 060 047 047
Mee 1.14  0.60  0.65 1.08 0.62  0.67 0.21 0.21 0.22 0.21 020 021
Mypyy 1.06  0.60  0.65 120 0.63  0.68 0.23 0.21 0.22 022 021 0.22
Maq 3.05 1.00 1.00 2.98 1.00 1.00 3.27 1.11 1.05 3.17 1.05 1.02
Pey 2.79 1.00  0.94 304 099 096 216 090 0.79 230 091 0.81
Py 282 098 094 3.02 1.01 0.97 2.15 0.89  0.78 236 0.89 0.80
P 034 020 0.16 0.33 020 0.16 0.25 0.13  0.11 022 0.11 0.10
ANy Myt 1.35 0.87 075 1.38 0.87  0.76 0.37 033 032 034 031 0.31
AN myycq 136 0.87 0.75 139 090 0.77 036 033 033 0.35 0.31 0.31
ANamey 134 086 0.74 1.43 090  0.77 036 033 033 0.37 033 033
AN31my0c0 1.31 085 074 136 088 076 034 031 0.31 034 031 0.31
4N mee) 1.08 0.78  0.70 1.15 0.81 0.70 030 026 025 034 027 025
AN3mco 1.09 078  0.67 1.15 0.80  0.69 030 026 0.25 034 028 0.27
AN Myp1 1.06 077  0.67 1.08 0.78  0.69 032 027 0.26 032 027 0.26

ANy 1.09 0.78 0.68 1.14 0.81 0.70 0.35 029 028 0.32 027 027
4NA 1M gq 1.72 1.17 0.99 1.69 1.17 1.00 1.72 1.10  0.96 1.69 1.09 094
4NAmgq0 1.70 1.15 0.99 1.72 1.16  0.99 1.69 1.07  0.95 1.71 1.09  0.96
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Table A5.4: Estimates for relative parameters of Litforina saxatilis populations. Parameter inference was per-
formed with a regression adjustment using a local linear regression and a tolerance rate of 0.01. Results are shown for
the Arsklovet and Burela populations using the parallel origin scenario. For this model, n; and n, correspond to the
Arsklovet Crab and Wave population respectively, while n3 and ny4 correspond to the Burela Crab and Wave population
respectively. For each parameter, the value outside brackets corresponds to the mean of the posterior distribution and
in-between brackets is the 95% credible interval. Parameters indicated here are the same as in table A5.2.

parameter relative estimate

ni 0.200 (0.126 - 0.322)

ny 0.259 (0.145 - 0.455)

n3 0.830 (0.344 - 1.727)

n 0.574 (0.239 - 1.157)
nay 1.079 (0.139 - 2.709)
nap 1.307 (0.158 - 2.799)

rsy 0.288 (0.026 - 1.130)

rs) 0.797 (0.105 - 2.363)

Os 1.934 (0.309 - 2.925)
Meywl 0.00057 (0.00014 - 0.00096)
Myl 0.00065 (0.00019 - 0.00097)
Mew? 0.00020 (0.00002 - 0.00070)
My 0.00042 (0.00007 - 0.00089)
Mee 0.00004 (0.00002 - 0.00007)
My 0.00001 (0.00000 - 0.00003)
Maq 0.00003 (0.00000 - 0.00009)
Py 0.024 (0.000 - 0.172)
Py 0.028 (0.000 - 0.186)
P 0.037 (0.005 - 0.088)
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Figure A5.1: Results of the cross-validation for parameter estimation using the parallel origin scenario. The y-axis
displays the estimated values, plotted against the true parameter values on the x-axis. Estimates correspond to the mean
of the posterior obtained with a tolerance rate of 0.01. Parameters shown here are: A and B - relative size of a present-
day population (n; and n,); C - relative size of an ancestral population (na); D and E - relative time of the recent split
event in the first (s1) and second locations (rsy) respectively; F - relative time interval between the two split events
(65); G - average number of immigrants per generation in logo scale between populations of the divergent ecotypes;
H - average number of immigrants per generation in logg scale between populations of the same ecotype; I - average
number of immigrants per generation in log;o scale between ancestral populations; J - proportion of the simulated loci
where no migration occurs between ecotypes (P,,); K - proportion of the simulated loci where no migration occurs
from one of the ecotypes to the other (7,,) and L - sequencing error.
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Figure AS5.2: Results of the cross-validation for parameter estimation using the single origin scenario. The y-axis
displays the estimated values, plotted against the true parameter values on the x-axis. Estimates correspond to the
mean of the posterior obtained with a tolerance rate of 0.01. Parameters shown here are: A and B - relative size of
a present-day population (n; and ny); C - relative size of an ancestral population (na;); D and E - relative time of
the recent split event in the first (rs1) and second locations (rsy) respectively; F - relative time interval between the
two split events (&;); G - average number of immigrants per generation in logjo scale between populations of the
divergent ecotypes; H - average number of immigrants per generation in logo scale between populations of the same
ecotype; I - average number of immigrants per generation in logjo scale between ancestral populations; J - proportion
of the simulated loci where no migration occurs between ecotypes (B,,); K - proportion of the simulated loci where no
migration occurs from one of the ecotypes to the other (7,) and L - sequencing error.
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CHAPTER 6

General Discussion




GENERAL DISCUSSION

There are many possible routes towards speciation, which among other factors is defined by the
main driver behind the evolution of reproductive isolation. These drivers include isolation by dis-
tance (i.e. allopatric speciation Price 2008), sexual selection (Seehausen et al., 2008), genetic
incompatibilities leading to hybrid speciation (Chapman & Burke, 2007) or divergent natural se-
lection, leading to local adaptation and to progressively more isolated populations (i.e. ecological
speciation, Schluter, 2009). A practical way of studying the speciation process is to treat it as a
continuum, depicting a series of genetically-driven changes that unfold as two lineages diverge on

the path towards complete reproductive isolation (Stankowski & Ravinet, 2021).

Within this framework, the emergence of ecotypes is considered one of the early steps of the
route towards ecological speciation (Funk, 2012; Lowry, 2012; Via, 2009). One seldom mentioned
aspect of the definition of ecotypes is that they must be observed across multiple locations. Oth-
erwise, if differently adapted forms are only found in a single location, this represents simply an
event of local adaptation and ecotype formation does not need to be invoked. Thus, it is not sur-
prising that the study of ecotype formation is often associated with research questions focused on
parallel evolution and the repeatability of the evolutionary process. However, the occurrence of
similar ecotypes at multiple locations does not necessarily imply parallel evolution (Faria et al.,
2014; Johannesson et al., 2010). In fact, different scenarios can lead to the existence of divergently
adapted ecotypes at multiple locations. Thus, it is necessary to distinguish between those possible

scenarios, which is possible by using whole-genome data and a model-based inference approach.

Ecotype formation hinges on the interplay between the strength of selection and the ability to
disperse, making it more likely to take place when strong selective pressures vary within a relatively
confined geographic area. Therefore, the intertidal zone represents a unique setting in which to
study local adaptation and ecotype formation as it represents one of the sharpest environmental
gradients on earth (Little & Kitching, 1996; Raffaelli & Hawkins, 1996; Tomanek & Helmuth,
2002). As a result, divergent ecotypes can be found in several species inhabiting the intertidal,
which has lead to many studies focused on their evolution (e.g. Butlin et al., 2014; Kemppainen,
Lindskog, Butlin, & Johannesson, 2011; Marshall, Taha, Brahim, & Abdelhady, 2021; Ruesink,
Ortiz, Mawson, & Boardman, 2022). Nevertheless, species inhabiting the intertidal zone have
rarely been studied in the context of the speciation continuum i.e. studying the process across
population pairs that are located at different stages along the continuum. This might partly be due
to the challenge in obtaining whole-genome data from multiple populations of different species.

One of the best possibilities for obtaining population-level genomic data from multiple locations,
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known as pooled sequencing, is associated with specific sources of error that, until now, have
impeded its use as a source of genetic polymorphisms for demographic inference. Consequently,
even though pooled sequencing holds considerable promise as a means of accessing genome-wide
data to investigate whether ecotype formation resulted from a sequence of parallel events across

multiple species, this potential has largely remained untapped.

This thesis is focused on two distinct species within the Litforina genus that potentially rep-
resent different points along the speciation continuum. While measuring reproductive isolation is
challenging (Westram, Stankowski, Surendranadh, & Barton, 2022), making it difficult to precisely
place population pairs along the speciation continuum, several lines of evidence within each species
indicate that L. fabalis and L. saxatilis ecotypes may represent distinct stages in the process of di-
versification. Firstly, studies of male mate choice in both species suggest that size-related mating
barriers are stronger in L. saxatilis than in L. fabalis (Perini, Rafajlovi¢, Westram, Johannesson, &
Butlin, 2020; Saltin, Schade, & Johannesson, 2013). Secondly, Fgr estimates from northern Europe
suggest a higher degree of differentiation between L. fabalis ecotypes (ranging from 0.02 to 0.08;
Galindo et al., 2021) compared to L. saxatilis ecotypes in the same region (Fs7 = 0.04 in Sweden;
Westram, Faria, Johannesson, & Butlin, 2021).

However, in Iberia, the situation is less clear, with Fgr estimates ranging between 0.12 to 0.24
for L. saxatilis ecotypes (Kess, Galindo, & Boulding, 2018) and between 0.10 to 0.23 for L. fabalis
(Carvalho, Sotelo, Galindo, & Faria, 2016). While this might suggest a slightly higher isolation
between L. saxatilis ecotypes in Iberia, mean Fsr computed using whole-genome Pool-seq data
results in genome-wide values of genetic differentiation ranging from 0.09 to 0.12 for Spanish L.
saxatilis ecotypes (Morales et al., 2019). The Fsr estimates reported here were obtained with a
variety of genetic markers, ranging from microsatellite loci (Carvalho et al., 2016), RAD loci (Kess
et al., 2018) to Pool-seq data (Morales et al., 2019). This highlights the need for more standardized
measures of divergence between the ecotypes of the two species. It is also important to note that L.
fabalis ecotypes are commonly found in association with different algae (Williams, 1990), which

might represent an additional axis of divergence that is not present in L. saxatilis.

The main question throughout this study was whether the phenotypic divergence observed in
these species is the outcome of parallel evolution occurring in multiple locations or a singular oc-
currence. Throughout this thesis, I have developed and implemented methodologies tailored to
model and simulate pooled sequencing data, integrating it into demographic inferences designed to
test different scenarios of ecotype formation. Using different lines of evidence, this thesis estab-
lishes that the observed phenotypic divergence within the two Littorina species is likely the result

of parallel events. The findings and methods developed in this thesis have the potential to contribute
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to a broader investigation of speciation and adaptation in other taxa that exhibit analogous patterns

of phenotypic divergence across multiple geographical locations.

6.1 EVIDENCE SUPPORTING THE HYPOTHESIS OF
PARALLEL EVOLUTION IN L. FABALIS

In Chapter 2, we extended the knowledge about local adaptation in marine intertidal species by
studying the genetic and morphological divergence between Littorina fabalis ecotypes. The work
developed in Chapter 2 constituted the first attempt to identify genetic variation linked to divergent
ecotypes in terms of wave-exposure and/or related ecological factors. It was also the first evaluation
of the degree of sharing of outlier loci among ecotypes across L. fabalis populations from the UK,
Sweden and Norway.

The morphological analysis revealed consistent differences in shell morphology between L.
fabalis ecotypes. Besides these habitat-related differences in shell morphology, our results from
Chapter 2 also highlighted the existence of important location-specific effects on shell morphol-
ogy. The genetic analysis revealed heterogeneous differentiation between ecotypes, with a rela-
tively small fraction of loci displaying high levels of differentiation. These loci (i.e. outlier loci)
appear to resist the substantial gene flow that contributes to eroding differentiation to very low lev-
els in the rest of the genome. The results obtained here support the idea that natural selection plays

a significant role in driving divergence between L. fabalis ecotypes in the presence of gene flow.

The level of outlier sharing identified in this chapter supports the hypothesis of evolution in
concert, suggesting that certain adaptive alleles spread across populations through gene flow while
others might have originated locally (Johannesson et al., 2010; Kemppainen et al., 2011). Another
possible explanation is a significant contribution from shared standing genetic variation inherited
from a common ancestral population (Westram, Panova, Galindo, & Butlin, 2016). However, due
to the limited number of loci genotyped, the resolution to precisely assess the number of outliers
and the extent of sharing across locations is relatively low. The results from Chapter 2 also sug-
gest that ecotype formation could have occurred in parallel in L. fabalis. Indeed, the clustering
of populations from both ecotypes by geography, when considering nonoutlier loci, supports the
hypothesis of parallel evolution. Interestingly, the results from this chapter also revealed that nearly
half of all outliers are unique to one location, suggesting that some aspects of divergent evolution
are site-specific. Therefore, the hypothesis of parallel evolution in this system requires further ex-

amination. In the future, implementing a modelling approach using whole-genome data, similar to
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the methodology developed in other chapters of this thesis, would be highly valuable. However,
Pool-seq data are not currently available for this system. Subsequent chapters of this thesis show
that it would be important to generate such data for this species, as it would allow the inference of
the demographic history of L. fabalis ecotypes, with a specific focus on investigating the possibility

of parallel evolution within this system.

The L. fabalis system has several similarities with the Littorina saxatilis system but it has re-
ceived comparatively less attention in research. The work conducted in Chapter 2 could help in
establishing L. fabalis as a valuable comparison with L. saxatilis, allowing us to gather information
from multiple instances of divergence across similar environmental transitions in different species.
Indeed, investigating local adaptation in intertidal habitats of rocky shores is crucial for quantifying
the contribution of ecological speciation to marine biodiversity (Faria, Johannesson, & Stankowski,
2021; Sanford & Kelly, 2011). In conclusion, the L. fabalis system represents an interesting system
from the marine environment where multiple instances of divergence occur across an environmen-
tal transition. Further studies within this system, along with comparisons to Littorina saxatilis, are
likely to enhance our comprehension of how populations adapt to environmental changes and how

distinct reproductive barriers accumulate during the process of speciation.

6.2 POOL-SEQ ALLOWS DISTINGUISHING BETWEEN
SCENARIOS OF ECOTYPE FORMATION

In Chapter 3, we developed a new approach to model and simulate Pool-seq data and incorporated
it into an R package named poolHelper. The work developed in this chapter takes into considera-
tion known Pool-seq sources of errors. In particular, our method models the unequal contribution
due to variations in DNA concentration and amplification efficiency during DNA extraction and
library preparation, fluctuations in sequencing depth across different SNPs, as well as errors aris-
ing from sequencing and read alignment. Importantly, these sources of errors are modelled by
parameters that can be directly adjusted by the user. Our approach differs from previous efforts
that did not explicitly model variation introduced by unequal individual contribution and ignored
sequencing errors (e.g. Collin et al., 2021; Taus, Futschik, & Schlétterer, 2017). By incorporating
these parameters, our method offers a more comprehensive and detailed simulation of Pool-seq
data, leading to a more accurate representation of the experimental conditions. As a consequence,
the R package, poolHelper, enables the simulation of more realistic data that can be effectively

used with existing downstream methods and analysis pipelines, providing a valuable resource for
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investigating the performance of different methodologies and optimizing Pool-seq experiments for
specific research objectives. Additionally, the implementation of this method into an R package

contributes to a more reproducible and user friendly research.

The results we obtained in this chapter illustrate that selecting the optimal Pool-seq study sam-
pling design is a complex task, as various combinations of pool sizes and average depth of cov-
erage can yield similar errors in allele frequencies in the sample. This highlights the importance
of conducting a priori simulation study to evaluate the most efficient sampling scheme for obtain-
ing precise allele frequencies while minimising the sequencing effort. To address this need, the
poolHelper package provides functions for simulating Pool-seq data under a range of user-defined

conditions.

The poolHelper package is freely available to the scientific community, providing researchers
with the ability to simulate pooled sequencing data based on a model of a single panmictic popula-
tion. It allows users to compute the error in sample allele frequencies and expected heterozygosity
obtained with different Pool-seq experimental designs and commonly used filters. Researchers can
conveniently apply filters such as those on minimum and maximum depth of coverage and min-
imum number of minor-allele reads to explore different scenarios and analyse the impact on the
mean error. By providing users with the ability to modify parameters such as the average coverage
and the error associated with unequal individual contribution, and by offering immediate visuali-
sation of how these adjustments impact allele frequency estimates, the package facilitates a clearer
comprehension of the uncertainties associated with Pool-seq. To contribute to reproducibility, we
also created a package manual and a detailed vignette. The manual provides comprehensive doc-
umentation of the package’s functions, while the vignette offers a thorough explanation of how to
use the package, facilitating a deeper understanding of the package’s functionalities and promoting

its implementation.

Chapter 4 integrates the work developed in the previous chapter, along with the framework
established by Gautier et al. (2013) into an Approximate Bayesian Computation (ABC) inference
framework. In this chapter, we present a novel model-based method to analyse pooled-sequencing
data, allowing the joint-inference of various Pool-seq sources of error (e.g., variation in depth of
coverage, unequal individual contribution, merging multiple pools) and demographic parameters.
The method we developed in Chapter 4 is computationally efficient as it relies on simulating sub-
sets of loci, estimating relative parameters and using relative summary statistics. Furthermore, to
circumvent the difficulties in implementing ABC for whole-genome data (Smith & Flaxman, 2020),
the method relies on the simulation of multiple subsets of independent loci. The posterior distri-

butions obtained for each of these subsets are subsequently combined, using a weighting scheme
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based on their proximity to the genome-wide mean summary statistics. Given that demographic
history is expected to uniformly affect all loci throughout the genome, this approach not only over-
comes computational barriers, but it also mitigates the influence of outlier subsets of loci caused
by non-neutral processes (e.g., background selection) on the posterior estimates. We implemented
this method as a freely available R package, named poolABC, enabling users to conduct model
choice and perform parameter inference of demographic history using Pool-seq data from natural
populations. The package provides a user-friendly tool to take advantage of Pool-seq data in the
context of demographic inference, facilitating the investigation of evolutionary processes in a wide

range of organisms.

Results from the simulation study conducted in Chapter 4 show that the means of the poste-
rior distributions provide accurate point estimates for most demographic history parameters of the
two- and four-population models considered. Furthermore, the prediction errors obtained in this
simulation study using Pool-seq data were comparable to those of recent ABC methods based on
individual genotypes (Fraisse et al., 2021). Interestingly, results from the simulation study also
demonstrated the feasibility of estimating the proportion of loci without migration, indicating the
potential for estimating the number of barrier loci under selection. Additionally, the model choice
results from the simulation study show that Pool-seq data provides sufficient information to dif-
ferentiate between scenarios of ecotype formation with high posterior probabilities. The results of
Chapter 4 also clearly highlight the importance of considering Pool-Seq errors, as neglecting them
can lead to inaccurate estimates. On the other hand, explicitly modeling Pool-Seq errors allows
for accurate estimation of demographic parameters. This finding emphasizes the critical role of
accounting for sequencing errors, pooling errors, and other sources of uncertainty in Pool-seq data
analysis, as it significantly impacts parameter estimates and hence the reliability of demographic

inference.

While the models considered in Chapter 4 were relatively simple, we also assessed the per-
formance of our method using more complex models in Chapter 5. These models include the
possibility of migration between ancestral populations and between populations of the same eco-
type inhabiting different locations. Additionally, the models considered in Chapter 5 also account
for the possibility of uni-directional barriers to gene flow between the ecotypes, instead of only con-
sidering a total barrier between both ecotypes. The results we obtained in this chapter demonstrated
that the means of the posterior distributions offer accurate point estimates for most demographic
history parameters. However, the parameters related to the ancestral populations, such as their rel-
ative sizes and migration between them, showed high uncertainty. This suggests that the summary
statistics used may lack information about older events or that Pool-seq may not be the optimal

choice for inferring those specific parameters when working with complex models. Alternatively,
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this might be a result of the limited ammount of information used in this study, as we discarded
roughly 80% of the available contigs. Nevertheless, results from the simulation study in Chapter 5
confirmed that Pool-seq provides adequate information to distinguish between scenarios of ecotype
formation, even for the more complex models considered here. This distinction remained possible
even at high posterior probabilities, reinforcing the potential of combining Pool-seq with ABC for

investigating parallel evolution.

Although the costs of sequencing continue to decrease, our results clearly show that Pool-seq
is still a viable sequencing alternative. This holds true, especially when studying small organisms
like some of the Littorina ecotypes, or when conducting Evolve-and-Resequence experiments and
investigating parallel evolution. These studies often involve a substantial number of populations or
numerous sampling points spanning spatial gradients or temporal sequences. The work conducted
in Chapter 4 successfully bridged the gap between Pool-seq data and demographic inference, re-
sulting in an easy-to-use method that harnesses whole-genome data to distinguish between various
scenarios of ecotype formation. Our findings highlight that Pool-seq can be a cost-effective ap-
proach to demographic inference, particularly when the research question implies sampling and

comparing multiple populations.

The resulting R package allows users to seamlessly integrate our package with other tools at
various stages of their analyses (e.g., abc R package, Csilléry, Francois, and Blum 2012). This
user-friendly tool facilitates the exploration and interpretation of complex demographic processes
using Pool-seq data and serves as a valuable resource for researchers working in the field of pop-
ulation genetics and evolutionary biology. In this context, the implementation of this method into
an R package provides a user friendly tool to encourage the use of Pool-seq data in demographic
inference. As in the previous chapter, we also elaborated a comprehensive package manual and a
detailed vignette that provides a thorough explanation of how to use the package. Importantly, our
R package includes functions to compute prediction errors and to assess the fit of the models to
the data, allowing users to perform simulation studies based on their specific set of models, prior
distributions, sample sizes, depths of coverage and numbers of pools. Despite some limitations,
the results from Chapter 4 and Chapter S clearly show that combining Pool-seq with ABC is an
effective approach for investigating parallel evolution in taxa where similar ecotypes exist at mul-
tiple locations. The demographic history models explored in this chapter serve as appropriate null
models that could be used to gain a better understanding of the genetic basis of divergent adaptation

across various taxa.
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6.3 DETECTING PARALLEL ECOTYPE FORMATION AT
DIFFERENT GEOGRAPHIC SCALES

The methods developed in Chapter 3 and Chapter 4 were implemented in the analysis of Pool-
Seq data. As previously mentioned, this method combines an Approximate Bayesian Computation
(ABC) inference framework with explicit modeling of various sources of error associated with
pooled sequencing. In Chapter 4, we demonstrated the application of these methods by analysing
pools of Swedish populations of L. saxatilis ecotypes. Subsequently, in Chapter 5, the same
methods were applied to analyse pools of both Swedish and Spanish populations of L. saxatilis

ecotypes.

In Chapter 4, we found that Pool-seq data from Crab and Wave ecotypes in Sweden were com-
patible with a single origin of the ecotypes. The point estimates indicate that ecotype divergence
occurred relatively recently, approximately 15,000 years ago (95% CI: 5000 to 43000 years), fol-
lowed by a population split in different locations around 1,000 generations ago (roughly 500 years
ago; 95% CI: 300 to 800 years), with high gene flow between ecotypes. These results are consistent
with the hypothesis of a recent postglacial colonization of Swedish islands (Panova et al., 2011).
As mentioned, the goal of Chapter 4 was to develop and showcase the implementation of an ABC
method using Pool-seq data, assessing its performance under generic divergence models involving
two or four populations. Thus, the models examined in this chapter were relatively simple and may
not fully capture the intricate process of ecotype formation in the geographically restricted L. sax-
atilis Crab and Wave ecotypes. As a result, it remained uncertain whether Pool-seq data combined
with an ABC framework could effectively distinguish between more complex models of ecotype

formation.

To adress this, in Chapter 5, we considered two possible scenarios of ecotype formation in
L. saxatilis that are considerably more complex than those analysed in the previous chapter, as
they encompass a broader range of migration possibilities and uni-directional barriers to gene flow
(see above). We contrasted those two scenarios using whole-genome data obtained through pool-
sequencing and the model-based method developed in Chapter 3 and Chapter 4.

Our findings from Chapter 5 support the parallel origin of the Crab and Wave ecotypes in L.
saxatilis, without allopatric separation, and after colonization of the different regions. The esti-
mated divergence times suggest a relatively recent divergence of the ecotypes in both countries. In
Sweden, the divergence appears to be more recent, occurring around 15,000 years ago (95% CI: 3k

to 115k years), while in Spain, it took place approximately 57,000 years ago (95% CI: 11k to 241k
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years). These estimates are consistent with the idea of a recent postglacial colonization of Swedish
islands (Panova et al., 2011) and are within the range of previous estimates (Butlin et al., 2014).
Additionally, the results indicate that the divergence process between ecotypes in both Spain and
Sweden was accompanied by gene flow, with high migration rates estimated between the divergent
ecotypes. In the majority of the comparisons examined, these rates exceeded 4Nm > 10, indicating
substantial ongoing genetic exchange despite the divergence in ecological traits between the two
ecotypes. Nevertheless, and using only known collinear regions, we inferred that there is no migra-
tion between divergent ecotypes at roughly 4% of analysed loci (CI: 0.5% to 8.8%). This suggests

that, while migration rates may be high overall, this does not influence all loci uniformly.

Overall, our results in Chapter 5 strongly suggest a demographic history characterized by the
spatial division of an ancestral population into two distinct groups: a Spanish ancestral population
and another ancestral population from which the ecotypes in Sweden originated. Over time, L. sax-
atilis populations evolved independently into distinct ecotypes associated with different habitats,
while maintaining gene flow between them. The divergence between ecotypes is much older in
Spain and may potentially represent a further step along the speciation continuum than the diver-

gence in Sweden, where the ecotypes diverged more recently.

Our findings confirm that comparisons between L. saxatilis populations in Spain and Sweden
represent a true example of parallel evolution, providing evidence of the impact of natural selection
on the divergence process (Lenormand, Roze, & Rousset, 2009; Schluter & Nagel, 1995). Thus,
the evidence strongly supports the role of divergent selection in the formation of Crab and Wave
ecotypes, despite ongoing genetic exchange, potentially influencing the evolution of chromosomal
rearrangements such as inversions (Kirkpatrick & Barton, 2006; Ortiz-Barrientos, Engelstadter, &
Rieseberg, 2016). However, the models considered in Chapter 5 did not specifically include peri-
ods of allopatry, leaving open the possibility that such periods might have influenced the evolution
of L. saxatilis ecotypes. Furthermore, the support for our results depends on the impact that the
barriers to gene flow between populations in the contrasting environments have on neutral loci. It is
still uncertain whether some alleles responsible for adaptive traits, potentially linked to inversions,
have evolved in parallel. For instance, chromosomal inversions between two Drosophila species
were already present in their ancestral population long before the species split (Fuller, Leonard,
Young, Schaeffer, & Phadnis, 2018). Thus, it is possible that L. saxatilis chromosomal inversions
were already present in an ancestral population before the ecotypes were formed and that the origin
of those inversions is not due to recurrent evolution of the same inversions in multiple locations.
Interestingly, recent evidence suggests that some inversions are widespread (Westram, Morales,

Johannesson, Butlin, & Faria, 2023) and thus might represent ancestral polymorphism.
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Interestingly, the results from Chapter 4 support a single origin of L. saxatilis Crab and Wave
ecotypes in Sweden, while the results from Chapter S support a parallel origin of the ecotypes
when contrasting populations from Spain and Sweden. This implies that the geographical scale
considered might influence the results obtained. Model-based inference studies focused on eco-
types are mostly used to contrast between two-population models representing scenarios of strict
isolation, isolation with migration or secondary contact (e.g. Le Moan, Gagnaire, & Bonhomme,
2016; Rougeux, Bernatchez, & Gagnaire, 2017), without explicitly contrasting between parallel or
a single origin scenarios. Thus, it is not clear if model support is influenced by the geographical
scale in other taxa. Here, by considering models with four populations it was possible to distinguish

such scenarios.

Nevertheless, several studies have shown the existence of some extent of genomic-level paral-
lelism. This parallelism can be explained by standing genetic variation shared among lineages due
to pre- or post-divergence gene flow, as is the case with stick insects (Soria-Carrasco et al., 2014),
the saltmarsh beetle Pogonus chalceus (Van Belleghem et al., 2018) and bottlenose dolphins (Louis
et al., 2021). Alternatively, it can arise by recurrent de novo mutations with large phenotypic ef-
fects, as observed in beach mice (Hoekstra, Hirschmann, Bundey, Insel, & Crossland, 2006) and
Antirrhinum species (Tan et al., 2020). Conversely, there is also compelling evidence of phenotypic
convergence resulting from nonparallel signatures of adaptation in beach mice (Steiner, Rompler,
Boettger, Schoneberg, & Hoekstra, 2009), cichlid fishes (Elmer et al., 2014) and guppies (Fischer,
Song, Hughes, Zhou, & Hoke, 2021).

These and other studies have made it clear that evolution of phenotypic similarity can involve
highly heterogeneous routes contingent upon factors such as gene flow variation, effective popula-
tion size, strength of selection and demographic history, leading to different degrees of parallelism
(Yeaman, Gerstein, Hodgins, & Whitlock, 2018). Although some studies have pointed out that the
geographical scale considered can impact the level of parallelism observed (Fang, Kemppainen,
Momigliano, Feng, & Merild, 2020; Ravinet et al., 2016), there is a clear need for more studies
that explicitly contrast scenarios of parallel origin with alternative scenarios across different geo-
graphical scales. Appropriately, while Chapter 4 showed that combining Pool-seq with ABC was
an effective approach for investigating parallel evolution at a limited geographical range, Chapter
S showed that it is also useful across a wide geographical range and using more complex models.
Thus, this approach can be used to investigate scenarios of (non)parallel evolution, not only in other
L. saxatilis populations sampled from Sweden, Spain, and the United Kingdom, but also in a range

of other species, including L. fabalis.
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6.4 LIMITATIONS AND FUTURE WORK

The conclusions drawn in this thesis are based on the results obtained herein and are subject to
the limitations of the research conducted. To better understand if the evolution of phenotypic di-
vergence observed in L. fabalis and L. saxatilis is the outcome of a series of parallel events or a
singular event requires further research. Indeed, for L. fabalis, a more comprehensive and rep-
resentative whole-genome dataset encompassing multiple populations is needed. This expanded
dataset should then be analysed using model-based inference methods to compare and contrast var-
ious scenarios of ecotype formation specific to this species. The work conducted in Chapter 2 was
centered on L. fabalis populations from northern Europe. As evidenced by our results for L. sax-
atilis, the inference of parallel or single origin scenarios might depend on the geographical scale
considered, and hence it will be necessary to study the demographic history of L. fabalis across
different geographical scales. Using whole-genome data, future research can compare populations
within individual countries and contrast populations from the Iberian Peninsula, where three dif-
ferent ecotypes can be found (Carvalho et al., 2016), with those in northern Europe. This broader
perspective will allow us to contrast between different scenarios of ecotype formation, both at a
local scale and across a wide geographical range. This, in turn, will aid us in determining whether
the L. fabalis system is a true example of parallel evolution or not. Furthermore, while the relative
placement of L. fabalis and L. saxatilis ecotypes on the speciation continuum might differ for north-
ern European or Iberian ecotypes, a more comprehensive understanding of the level of reproductive

isolation and the relative significance of barriers such as assortative mating is required.

For L. saxatilis, the main limitation of this thesis is the absence of additional pairwise com-
parisons among different Spanish populations and between populations in Sweden, Spain, and the
United Kingdom. Conducting these comparisons will be crucial in unraveling whether ecotype
formation occurred in parallel across various geographical scales. By including a broader range
of populations in the analyses, future research can confirm if a single origin scenario is always
supported at a local scale or if Sweden stands as an exception. Additionally, future work should
also explore different models with varying strengths of selection at barrier loci or the possibility of
one ecotype serving as a reservoir of standing genetic variation, similar to the stickleback system
(Jones et al., 2012; Liu, Ferchaud, Grgnkjer, Nygaard, & Hansen, 2018). In this system, the influx
of alleles, including chromosomal inversions, adapted to freshwater environments occurs through
gene flow from established freshwater populations into marine gene pools. These alleles are sub-
sequently available for establishing new freshwater populations, via a scenario compatible with the
transporter hypothesis (Schluter & Conte, 2009). Given the importance of chromosomal inversions

in the ecological divergence of L. saxatilis (Faria et al., 2019; Koch et al., 2021; Morales et al.,
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2019), even across a wide geographical range (Morales et al., 2019), it would be interesting to in-
clude those genomic features in our models. Specifically, it remains unclear if the relatively recent
divergence of L. saxatilis ecotypes could be modelled by including chromosomal inversions as a
source of shared variation. This may facilitate rapid parallel adaptation to diverse environments,

akin to what has been demonstrated in Drosophila species (Lohse, Clarke, Ritchie, & Etges, 2015).

At a more technical level, the R packages developed in the context of this thesis and presented
in Chapters 3 and 4 would also benefit from further work. Currently, the poolHelper package is
primarily designed for a single population, and simulations are carried out under this assumption,
assuming a constant effective population size. While it is possible to use the package with multiple
populations, this is not straightforward. Further work is required to streamline the process and
allow users to work with more than one population. For instance, the package could be extended
to accommodate populations sequenced at different depths of coverage. Similarly, the poolABC
package could be improved by incorporating more complex scenarios of ecotype formation, akin
to those explored in Chapter 5. To enhance its functionality, the package could be extended to
include more sophisticated algorithms, such as neural networks or random forest ABC (as included
for instance in the abc R package - Csilléry et al., 2012 or the DIYABC-RF software - Collin
et al., 2021), and provide additional options for summary statistics. These improvements would
improve the accuracy of the inferences made and enable researchers to investigate more intricate

evolutionary scenarios using Pool-seq data.

Further work is necessary to establish flat (L. fabalis) and rough periwinkles (L. saxatilis) as
model systems for studying local adaptation and the early stages of speciation. While the idea
of comparing mechanisms and processes across two distinct species facing similar selective pres-
sures is intriguing, the disparity in research effort between the two species currently limits this
comparison. As mentioned, a more thorough understanding of the demographic history of L. fa-
balis ecotypes and the genomic regions involved in their divergence would enable more meaningful
comparisons between the two systems. Specifically, a compelling avenue of investigation would
involve comparing the demographic histories of the ecotypes in both species and contrasting the
genomic regions under divergent selection that are potentially involved in phenotypic differences.
Considering that L. fabalis and L. saxatilis represent examples of local adaptation along compara-
ble intertidal ecological gradients, it would be interesting to assess whether adaptation to similar
selective pressures involves the same genomic regions in two different species. Furthermore, given
the association of L. fabalis ecotypes with different types of algae (Carvalho et al., 2016; Williams,
1990), which could influence habitat preference, it would be valuable to assess and compare the
relative importance of pre- and post-zygotic barriers to gene flow in the two species and whether

any differences in relative importance are related with their placement in the speciation continuum.
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Notably, the recent discovery of chromosomal inversions involved in the adaptive divergence of
L. fabalis ecotypes (Le Moan et al., 2023) opens up exciting possibilities for future research. Given
their potential role in driving local adaptation to similar selective pressures, it would be interest-
ing to investigate whether the same inversions also play a role in the divergence process of both
Littorina species. This would require a comparative genomic study of L. fabalis and L. saxatilis,
analysing the distribution and frequency of the chromosomal inversions in different populations
of both species. Furthermore, population genetic analyses could be used to trace the evolutionary
history of these inversions by examining patterns of genetic variation and linkage disequilibrium
around the inversion breakpoints. In conclusion, comparative genomic studies of both species, with
a specific focus on chromosomal inversions or other genomic regions, hold great promise for ad-
vancing our understanding of the genetic basis of adaptation and speciation in marine organisms.
Understanding how marine organisms adapt and evolve is crucial for predicting and managing the

impact of environmental changes and human activities on marine ecosystems.

6.5 FINAL REMARKS

This thesis presents compelling evidence that the observed phenotypic divergence in two marine
gastropod species from the Littorina genus likely resulted from independent and parallel evolution
in different geographic locations. Furthermore, it emphasizes that this divergence was probably ac-
companied by gene flow between the divergent ecotypes. The work developed here, particularly the
two R packages and associated methodologies, are likely applicable to any taxa characterized by
the existence of similar ecotypes across a wide geographical range. These tools allow researchers to
simulate Pool-seq data tailored to their specific research questions and integrate this simulated data
into a model-based inference framework. As a result, this thesis is expected to promote the wider
adoption of Pool-seq data for investigating questions related to parallel evolution and ecotype for-
mation. Moreover, this study highlights that explicitly contrasting demographic models is essential
to disentangle between scenarios of ecotype formation and establish which species constitute true
examples of parallel evolution.

This thesis represents an example of research on speciation and local adaptation, encompassing
ecotypes of different species that potentially represent different stages of the speciation continuum.
It underscores the significance of comparative studies, in advancing our comprehension of parallel
evolution, local adaptation, ecotype formation, and the reproducibility of evolutionary processes.
In the future, such studies should be extended to identify patterns that extend beyond individual

species or environments. That would provide valuable information about the relative importance
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of pre- and post-zygotic barriers to gene flow at different stages of the speciation continuum, the
evolution of the genetic architecture during the speciation process, for instance whether capture
of genomic variation associated with divergence in chromosomal inversions is fundamental at any
stage of the continuum, or whether adaptation to similar selective pressures in different species fol-
lows a predictable pattern. A critical first step in all these studies is to reconstruct the demographic
history and determine whether ecotypes evolved in parallel with gene flow, which, as shown in
this thesis, can be accomplished using Pool-seq data. I am convinced that combining population
genomics datasets with modelling to examine multiple cases across the speciation continuum will

allow us to understand the complex dynamics that shape biodiversity and the origin of species.
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