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Abstract

Inferring the demographic history of species is one of the greatest challenges
in population genetics. Such histories are often represented as histories of
size changes, ignoring population structure. Alternatively, when structure
is assumed, they are defined a priori as population trees and not inferred.
This thesis aims to contribute methods and tools for reconstructing the
demographic history of populations that have been structured into an
unknown number of sub-populations for long periods of time.

We present two approaches to demographic inference in the presence of
structure. The first is based on the IICR (Inverse Instantaneous Coalescence
Rate) which is a function of the demographic model and sampling scheme,
and can be estimated for a single diploid individual. The proposed method
fits observed IICR curves with exact IICR curves obtained under piecewise
stationary symmetrical island models, and infers the number of islands,
their common size, and the amount of gene flow in different periods of
time. Our application to a set of five human PSMCs yielded demographic
histories that are in agreement with previous studies suggesting ancient
human structure.

The second approach assumes multiple genetic samples, and is centered
on the use of the SFS (Site Frequency Spectrum) as a summary statistic
for demographic inference. We focus on the efficient computation of the
exact expected SFS under a general model of population structure, and
show that, for sample sizes up to 26 haploids, it is possible to achieve
good numerical accuracy and performance in symmetrical island models by
exploiting the sparsity pattern of the transition matrix for the associated
Markov process.






Résumé

L'inférence de I'histoire démographique des espeéces représente I'un des plus
grands défis de la génétique des populations. Cette histoire est souvent
représentée comme une histoire de changements de taille de populations,
sous |'hypothese que la structure des populations peut étre ignorée. Al-
ternativement, lorsqu'on suppose qu'il y a une structure, elle est souvent
définie a priori comme un arbre de populations et n'est pas inférée. Cette
these vise a proposer des méthodes et des outils pour reconstruire I'histoire
démographique de populations qui ont été structurées en un nombre in-
connu de sous-populations pendant de longues périodes de temps.

Nous présentons deux approches de l'inférence démographique en pré-
sence de structure. La premiére est basée sur I'llCR (Inverse Instantaneous
Coalescence Rate), fonction du modeéle démographique et du schéma
d'échantillonnage, qui peut étre estimée pour un seul individu diploide en
utilisant la méthode du PSMC (pairwise sequentially Markovian coalescent).
La méthode proposée ajuste les courbes [ICR observées avec les courbes
[ICR exactes obtenues dans le cadre de modeéles en 'lles symétriques sta-
tionnaires par morceaux, et infére le nombre d'iles, leur taille commune
et I'importance du flux génétique a différentes périodes de temps. Notre
application a un ensemble de cing PSMCs humains a fourni des histoires
démographiques qui sont en accord avec des études précédentes suggérant
une structure humaine ancienne.

La seconde approche se base sur des échantillons génétiques multiples,
et est centrée sur |'utilisation du SFS (Site Frequency Spectrum) comme
statistique pour l'inférence démographique. Nous nous concentrons sur
I'efficacité du calcul du SFS exact attendu dans le cadre d’'un modele
général de structure de population, et nous montrons que, pour des tailles
d'échantillon allant jusqu'a 26 haploides, il est possible d'obtenir une bonne
précision numérique et de bonnes performances pour les modeles d'lles
symétriques en exploitant la propriété de parcimonie de la matrice de
transition pour le processus de Markov associé.
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Introduction

Population genetics has seen a major transformation in the last few decades with the wide
availability of full-scale genomic sequences. Global initiatives like the 1000 Human Genomes
Project (Siva, 2008) has made it possible to have a highly detailed insight into the nature of
genetic diversity. One of the great challenges facing the field today is analyzing this rapidly
increasing mountain of information in a sensible and efficient manner (Beaumont, 2004; Johri
et al., 2020). The development of mathematical models for the evolution of populations
plays a central role in this effort, along with the associated statistical and numerical analysis
methods. This thesis aims to contribute methods and tools for reconstructing the demographic
history of populations that have long been geographically structured into an unknown number
of sub-populations.

Reconstructing demographic histories in the context of population genetics is often achieved
by fitting the parameters of a model according to the observed sequenced data. Some
parameters of interest are past population sizes (Beaumont, 1999; Li and Durbin, 2011,
Schiffels and Durbin, 2013; Liu and Fu, 2015; Boitard et al., 2016) or the dates of major
demographic events such as population splits or admixture events and their proportions
(Gutenkunst et al., 2009; de Barros Damgaard et al., 2018). One classical example of such
parameter inference is Watterson's 6y, estimator (Watterson, 1975), which measures the
population mutation rate by counting the number of places in the genome where a sample of
individuals exhibit differences. A more recent example can be found in Li and Durbin's PSMC
method (Li and Durbin, 2011), which estimates the ancestral size history of a population
using the full sequence of a single diploid individual, under the operating assumption that
such population has remained panmictic over time, i.e., isolated and without internal mating
structures.

This assumption of panmixia has been widely prevalent in many studies over the years (Li
and Durbin, 2011; Liu and Fu, 2015). Indeed, contending with the presence of structure and
migration has the potential to greatly complicate any demographic model. Some studies of
human evolution have introduced structure in the form of simplified tree models, where the
number of populations is fixed a priori, i.e., the topology is not inferred (other aspects, such as
divergence times, are inferred). The branches of these trees often represent large continental
regions that are themselves assumed to have remained panmictic over long periods of time
(Gutenkunst et al., 2009; Prado-Martinez et al., 2013; Noskova et al., 2019). These panmictic
and tree models are useful approximations, and they have proven their utility in building
stories of human expansions and population splits. However, if the inferred parameter values
or conclusions may fundamentally change depending on the underlying model assumptions,
then the resulting stories can be questioned (Wakeley, 1999; Mazet et al., 2016; Scerri et al.,
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2019).

The present thesis focuses exclusively on models of structured populations. One of our core
objectives in this context is to develop methods of demographic inference where the number
of populations can be inferred rather than assumed. The other objective is to understand the
extent to which the observed genetic diversity within populations can be attributed to the
effects of structure and changes in connectivity rather than to changes in population size. The
main theoretical background supporting this approach is the structured coalescent (Herbots,
1994) which provides a Markovian framework for the study of the genealogy of a sample of
lineages that are dynamically migrating between a set of islands or demes. In Chapter 1 we
present a summary of a few key concepts in population genetics such as the Wright-Fisher
model and the associated coalescent process and a few of its extensions, including variable
population size, deme-based population structure, and the infinite-sites mutation model.
We also introduce the Inverse Instantaneous Coalescence Rate (IICR) function and the site
frequency spectrum (SFS), both of which are proposed as summary statistics for inferential
approaches.

Chapter 2 describes a method for inferring the number of populations and the changes in
connectivity in a piecewise-stationary n-island model. The n-island is the simplest model of
demographic structure, where all the islands are assumed of the same size, and connectivity
is fully symmetrical in the sense that all islands exchange migrants with all other islands at
the same rate. The piecewise-stationarity refers to the fact that this migration rate may
change in a discrete manner throughout time. The dates of these events are also inferred.
This model has some limitations as it ignores spatial distances and other complexities of real
species, but the choice for this first attempt was guided by simplicity and computational
feasibility. The method in question uses the IICR of a single diploid sample as input data in
order to fit the model parameters. First described in Mazet et al. (2016), the IICR is closely
linked with the probability distribution of the coalescence times of one pair of lineages. It
is an attractive candidate for demographic inference in our context since it can be always
defined independently of the assumed demographic model, and previous simulations (Chikhi
et al., 2018; Rodriguez et al., 2018) have shown that it is sensitive to population structure,
sampling patterns and fluctuations of migration rates. The IICR can be estimated from real
data using methods such as the PSMC.

The process of fitting the data was accomplished using a general purpose meta-heuristic to
explore the parameter space and minimize the distance between a candidate IICR and the target
(observed) one. The chapter also details the approach and results of our validation efforts,
which consisted in simulating [ICR curves under different n-island models and comparing the
inferred parameters with the known ones. We then applied the method to human genomic
data using five published PSMC curves (Prado-Martinez et al., 2013) and compared the
inferred histories between individuals and with previously inferred scenarios by Rodriguez et al.
(2018) and Noskova et al. (2019). This study was published in Arredondo et al. (2021).

Chapter 3 focuses on establishing a framework for demographic inference of structured
populations using multi-sample summary statistics. Having multiple samples provides better

12



information resolution in the not-so-distant past of the sample, since in typical ancestral trees,
most of the total branch length is distributed close to the samples near the bottom of the tree
(leafs). The chapter introduces two candidate multi-sample summary statistics: the [ICRy
and the SFS. The [ICRy is a natural generalization of the IICR that is formulated using the
random distribution of the waiting time until the first coalescence in a sample of size k, and
can be estimated for real data using methods such as the MSMC (Schiffels and Durbin, 2013).
On the other hand, the SFS is a histogram of allele frequencies that has been widely applied
as an efficient way for summarizing the genetic diversity of a sample (Wakeley and Hey, 1997;
Griffiths and Tavaré, 1998; Nielsen, 2000; Gutenkunst et al., 2009; Excoffier et al., 2013).

We show in this chapter that the Markovian framework of the structured coalescent can
be generalized to capture the necessary information for computing these functions within
arbitrary numerical accuracy. Similar approaches have been avoided in the past due to the
computational challenges of handling the state spaces of the associated Markov processes,
which grow in size almost exponentially as a function of the number of samples. However, we
show that by not tracking the historical origin of the lineages (mainly used to compute the
joint SFS of the populations), using appropriate model specializations that take advantage of
inherent symmetries, and exploiting of the sparsity patterns that appear in the rate matrix
under certain state orderings, it is possible to very quickly compute the expected SFS of
samples of size up to k = 26 in models of symmetrical n-island structure. The approach is
general in the sense that it allows for many potential types of structured scenarios, however
we exclusively showcase the n-island as a model specialization for the implementation and
results, once again due to its mathematical simplicity.

All along this work we have strived to not only establish novel methods for approaching
the questions of demographic inference in the context of population structure, but also
to provide implementations of these methods that are both intuitively usable and highly
performant. The codebases for these projects are available in github.com/arredondos/snif
and github.com/arredondos/sisifs.

Many questions remain unanswered. In the final chapter on conclusions and future work, we
attempt to paint a broad map of where the results of this work can fit in a larger framework
of demographic inference for structured populations by indicating some of the ways in which
the presented methods can be generalized.
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Introduction (version francaise)

La génétique des populations a connu une transformation majeure au cours des dernieres
décennies, grace a une large disponibilité de séquences génomiques complétes. Des initiatives
mondiales comme le projet 1000 génomes humains (Siva, 2008) ont permis d'avoir un apercu
tres détaillé de la nature de la diversité génétique. L'un des grands défis auxquels le domaine
est confronté aujourd’hui est I'analyse de cette masse d'information en rapide augmentation,
d'une maniére pertinente et efficace (Beaumont, 2004; Johri et al., 2020). Le développement
de modeles mathématiques pour I'évolution des populations ainsi que les méthodes d'analyses
statistique et numérique associées jouent un role central. Cette these a pour but d' apporter des
méthodes et des outils de reconstruction de I'histoire démographique de populations qui sont
depuis longtemps structurées géographiquement en un nombre inconnu de sous-populations.

La reconstruction de I'histoire démographique dans le contexte de la génétique des popula-
tions est souvent réalisée en ajustant les parametres d'un modele en fonction des données
séquentielles observées. Certains parametres d'intérét sont les tailles de population passées
(Beaumont, 1999; Li and Durbin, 2011; Schiffels and Durbin, 2013; Liu and Fu, 2015; Boitard
et al., 2016) ou les dates d'événements démographiques majeurs tels que les divisions de
population ou les événements de mélange et leurs proportions (Gutenkunst et al., 2009;
de Barros Damgaard et al., 2018). Un exemple classique de cette inférence de paramétres
est |'estimateur 0y de Watterson (Watterson, 1975), qui mesure le taux de mutation de la
population en comptant le nombre d’endroits du génome ou un échantillon d'individus présente
des différences. Un exemple plus récent se trouve dans la méthode PSMC de Li et Durbin (Li
and Durbin, 2011), qui estime ['histoire de la taille ancestrale d'une population en utilisant la
séquence compléte d'un seul individu diploide, sous |'hypothése que cette population est restée
panmictique au fil du temps, c'est-a-dire isolée et sans structures internes de reproduction.

Cette hypothése de panmixie a été largement adoptée dans de nombreuses études au
fil des ans (Li and Durbin, 2011; Liu and Fu, 2015). En effet, faire face a la présence de
la structure et de la migration complique considérablement tout modele démographique.
Certaines études de I'évolution humaine ont introduit une structure sous la forme de modeéles
d'arbres simplifiés, ou le nombre de populations est fixé a priori, c'est-a-dire que la topologie
n'est pas inférée (d'autres aspects, comme les temps de divergence, le sont). Les branches
de ces arbres représentent souvent de grandes régions continentales qui sont elles-mémes
supposées étre restées panmictiques sur de longues périodes de temps (Gutenkunst et al.,
2009; Prado-Martinez et al., 2013; Noskova et al., 2019). Ces modeles panmictiques et
arborescents sont des approximations utiles, et ils ont prouvé leur utilité pour construire des
histoires d'expansions humaines et de scissions de populations. Cependant, si les valeurs des
parametres déduites ou les conclusions peuvent changer fondamentalement en fonction des
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hypothéses du modeéle sous-jacent, alors les histoires qui en résultent peuvent étre remises en
question (Wakeley, 1999; Mazet et al., 2016; Scerri et al., 2019).

La présente these se concentre exclusivement sur les modeles de populations structurées.
Un de nos objectifs principaux dans ce contexte est de développer des méthodes d'inférence
démographique ou le nombre de populations peut étre déduit plutot que supposé. L'autre
objectif est de comprendre dans quelle mesure la diversité génétique observée au sein des
populations peut étre attribuée aux effets de la structure et des changements de connectivité
plutdt qu'aux changements de taille de la population. Le principal fondement théorique de
cette approche est le coalescent structuré (Herbots, 1994) qui fournit un cadre markovien
pour |'étude de la généalogie d'un échantillon de lignées qui migrent dynamiquement entre
un ensemble d'iles ou de demes. Dans le chapitre chap :prelim, nous présentons un résumé de
quelques concepts clés en génétique des populations tels que le modeéle de Wright-Fisher et
le processus de coalescence associé, ainsi que quelques-unes de ses extensions, notamment
la taille variable de la population, la structure de la population basée sur les demes et le
modéle de mutation a sites infinis. Nous présentons également la fonction inverse du taux de
coalescence instantané (IICR) et le spectre de fréquence des sites (SFS), qui sont tous deux
proposés comme statistiques pour les approches inférentielles.

Le chapitre 2 décrit une méthode permettant de déduire le nombre de populations et les
changements de connectivité dans un modeéle n-ile stationnaire par morceaux. Le modéle
n-le est le modeéle le plus simple de structure démographique, dans lequel toutes les fles sont
supposées avoir la méme taille, et la connectivité est totalement symétrique dans le sens
ou toutes les les échangent des migrants avec toutes les autres iles au méme rythme. La
stationnarité par morceaux fait référence au fait que ce taux de migration peut changer de
maniére discrete au cours du temps. Les dates de ces événements sont également déduites. Ce
modele présente certaines limites car il ignore les distances spatiales et d'autres complexités
des espéces réelles, mais le choix pour cette premiére tentative a été guidé par la simplicité et
la faisabilité informatique. La méthode en question utilise I'llCR d'un seul échantillon diploide
comme données d'entrée afin d'ajuster les parametres du modéle. Décrit pour la premiére fois
dans Mazet et al. (2016), I'lICR est étroitement lié a la distribution de probabilité des temps
de coalescence d'une paire de lignées. Il s'agit d'un candidat intéressant pour l'inférence
démographique dans notre contexte puisqu'il peut toujours étre défini indépendamment du
modele démographique supposé, et des simulations antérieures (Chikhi et al., 2018; Rodriguez
et al., 2018) ont montré qu'il est sensible a la structure de la population, aux modéles
d'échantillonnage et aux fluctuations des taux de migration. L'lICR peut étre estimé a partir
de données réelles en utilisant des méthodes telles que le PSMC.

Le processus d'ajustement des données a été réalisé a I'aide d’'une méta-heuristique d'usage
général pour explorer |'espace des parameétres et minimiser la distance entre un [ICR candidat
et I'llICR cible (observé). Ce chapitre détaille également I'approche et les résultats de nos
efforts de validation, qui ont consisté a simuler des courbes d'lICR sous différents modeles
n-tles et a comparer les parametres déduits avec les parameétres connus. Nous avons ensuite
appliqué la méthode a des données génomiques humaines en utilisant cinq courbes PSMC
publiées (Prado-Martinez et al., 2013) et comparé les histoires inférées entre les individus et
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avec les scénarios inférés précédemment par Rodriguez et al. (2018) et Noskova et al. (2019).
Cette étude a été publiée dans Arredondo et al. (2021).

Le chapitre 3 établit un cadre pour I'inférence démographique de populations structurées
a I'aide de statistiques multi-échantillons. Le fait d'avoir plusieurs échantillons permet une
meilleure résolution des informations dans un passé pas si lointain de I'échantillon, puisque dans
les arbres ancestraux typiques, la majeure partie de la longueur totale des branches est localisée
a proximité des échantillons situés au bas de I'arbre (feuilles). Ce chapitre présente deux
statistiques multi-échantillons candidates : I'llCRy et le SFS. L'lICRy est une généralisation
naturelle de I'llCR formulé en utilisant la distribution aléatoire du temps d'attente jusqu'a la
premiere coalescence dans un échantillon de taille k, et peut étre estimé pour des données
réelles en utilisant des méthodes telles que le MSMC (Schiffels and Durbin, 2013). D'autre
part, le SFS est un histogramme des fréquences alléliques qui a été largement appliqué car
c'est un moyen efficace de résumer la diversité génétique d'un échantillon (Wakeley and Hey,
1997; Griffiths and Tavaré, 1998; Nielsen, 2000; Gutenkunst et al., 2009; Excoffier et al.,
2013).

Nous montrons dans ce chapitre que le cadre markovien du coalescent structuré peut
étre généralisé pour capturer les informations nécessaires au calcul de ces fonctions avec
en raison des difficultés de calcul liées a la manipulation des espaces d'état des processus
de Markov associés, dont la taille croit de maniere presque exponentielle en fonction du
nombre d'échantillons. Cependant, nous montrons qu’en ne suivant pas I'origine historique
des lignées (principalement utilisée pour calculer le SFS conjoint des populations), en utilisant
des spécialisations de modele appropriées qui tirent profit des symétries inhérentes, et en
exploitant les propriétés de parcimonie qui apparaissent dans la matrice de taux sous certains
ordres d'état, il est possible de calculer tres rapidement le SFS attendu d’'échantillons de
taille allant jusqu'a kK = 26 dans des modeles de structure symétrique a n-iles. L'approche est
générale dans le sens ou elle permet de nombreux types de scénarios structurés. Cependant
nous présentons exclusivement le modeéle en fles pour la mise en ceuvre et les résultats, une
fois encore en raison de sa simplicité mathématique.

Tout au long de ce travail, nous nous sommes efforcés non seulement d'établir de nouvelles
méthodes pour aborder les questions d'inférence démographique dans le contexte de la
structure de la population, mais aussi de fournir des implémentations de ces méthodes qui
soient a la fois intuitivement utilisables et hautement performantes. Les programmes sont
disponibles dans github.com/arredondos/snif et github.com/arredondos/sisifs.

De nombreuses questions restent sans réponse. Dans le dernier chapitre, consacré aux
conclusions et aux travaux futurs, nous tentons de dresser une carte générale de la place des
résultats de ce travail dans un cadre plus large d'inférence démographique pour les populations
structurées, en indiquant certaines des facons dont les méthodes présentées peuvent étre
généralisées.
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Chapter 1.

Preliminaries

In this chapter we briefly summarize some basic elements of population genetics in order to
make the document more self-contained, and also to establish a few of the naming conventions
and assumptions that will be referenced in later chapters. For the sake of brevity, the material
here is discussed quite tersely, and only the theoretical concepts that are most closely related
to the themes of the following chapters are covered. For a more complete and through
exposition of population genetics theory, see Hein et al. (2004); Tavaré (2004); Gillespie
(2004).

1.1. The Wright-Fisher model

The Wright-Fisher model in its most simple version describes the evolution of a population
of 2N haploid individuals (often interpreted as genes) with minimal assumptions. The
generations are discrete and non-overlapping, and generation t 4 1 is created by making
each individual a copy of one of the 2/ from generation t, chosen randomly with probability
1/(2N).

The model in this form makes a number of strong assumptions about the population,
which evolves in a sequence of discrete time steps by replacing the entire generation with its
descendants in every step. Each descendant is an exact copy if its predecessor, so the model
does not have a concept of sexual reproduction or gene recombination. Additionally, since
each predecessor is selected randomly with uniform probability from the population, there is
no concept of demographic structure, fitness or selection in the model.

Typically, the populations we are modeling consist of the genes or alleles of a genome,
instead of individual organisms. In the following sections, we focus on a backwards-in-time
view of the Wright-Fisher model, known as the coalescent, and relax some of the assumptions
made here in favor of having more useful models.
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1 2 3

Figure 1.1: An instantiation of a Wright-Fisher process with population size 2N = 10. Panel (a)
shows the natural evolution of the process over the course of 16 generations from top (past) to bottom
(present). In panel (b) the demes of each generation have been rearranged such that the tree-like nature
of the genealogy is more apparent. Panel (c) highlights the genealogy of a sample of three genes. We
see that the first coalescence happens two generations in the past, and that the MRCA of the sample is
reached after 9 generations. Panels reproduced from Hein et al. (2004) §1.4.3.

1.2. The coalescent

Given the previously discussed Wright-Fisher model (Figure 1.1), we may be interested in
asking: how much time (backwards in generations) until the most recent common ancestor
(MRCA) for two genes sampled from the population? What if we sampled k genes? What is
the probability distribution of these times? Coalescent theory studies these questions, and
provides a framework for modeling the ancestral genealogy of a sample within an evolving
population.

1.2.1. The discrete-time coalescent

Given a sample of two genes in a Wright-Fisher population of size 2/, the probability that
they share a common ancestor in the previous generation can be computed by taking the
ratio of favorable to possible outcomes as:

2N 1

(2N)2 2N’

therefore, the probability that they do not share a common ancestor in the previous generation
is:
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With this it follows that the probability for a sampled pair of lineages to find a common
ancestor in exactly g generations in the past is:

o Lyl 121
(1-38) aw (121)

since they choose different ancestors in the first g — 1 generations, and then choose the
same ancestor in the next one. In this case we say that the pair of genes coalesces in g
generations. We denote the time until coalescence of two lineages by TV, with a probability
distribution P(T)Y = g) as in (1.2.1), which corresponds to a geometric distribution with
parameter 1/(2/N) and an expected value of 2/V.

Generalizing for a sample of size k lineages, we have that the probability of there being no
coalescences in the previous generation, again counting favorable and total outcomes, is:

C@N)2N—1)--- (2N — k+1)
Bl (2N)k

~(1-a) () (- 5)

=11+ <_—1)1"‘2+ <__2>1k—2+...+ <_k+1)1k—2+o< 1 >

P(TN > 1)

2N 2N 2N N2
1 & 1 k(k —1) 1
:1—W;/+O<m>:l—T+O<W>, (1.2.2)

where O(l/Nz) captures all the terms that are divided by N2 or a higher power. If we
introduce the additional assumption that k < N, these terms are negligible and can be
discarded. In terms of the model, this is equivalent to assuming that when the size of a
random sample is very small compared to the size of the population, it is extremely unlikely
that more than two lineages will have a common ancestor in the previous generation, and
thus this possibility can be excluded.

With this approximation we have that the probability of observing the first coalescence in a
sample of size k in exactly g generations (becoming then a sample of size kK — 1) is given by:

k(k — 1)>-”’1 k(k—1)

o o (1.2.3)

P =)~ (1-

Consequently, the variable 7)Y can be approximated by a geometric distribution with parameter
k(k —1)/(4N) = (g)/(2N) Since the ancestors of the genes are chosen with uniform
probability, the times TV, TN |, ..., TJV are independent.

1.2.2. The continuous-time approximation

In the previous sections we measure time in discrete units of time (generations), and the
corresponding T,¥ random variables reflect this. However, for large populations sizes and
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long-running processes (large N and g), the coalescent can be well approximated by a
continuous-time process where time is scaled in proportion to the population size. Using
this transformation, the coalescence times become independent of the population size. For
instance, if we take t = g/(2N), then the probability that a pair of lineages will note coalesce
before g generations is:

P(TY > g) = (1 — %)g

N 1\ 2N
s PlE2>t)=(1-=— ~et
(2/\/ ) < 2/\/) ©
TN
& PlA<t)l~r1-ef,
(2 <7)
therefore the variable T, := T2Y/(2/N) can be approximated by an exponential distribution of
parameter 1 for large values of . Using a similar transformation we can see that the scaled

times T, := T,V /(2N) can be approximated by exponential distributions of parameter (k):

P(TY > g) = (1 — (g) %)
& PTi<t)~ml-—e Ot

In order to reduce the notation complexity, the approximation Ty & exp (%) will be implicitly
assumed in the following equations. With this we can compute the expected value of several
quantities related to the genealogy of the samples. For instance, the expected time until the
first coalescence among k samples is:

1 2
E(Tk) = 7o = 77—~

(2) k(k —1)

Other quantities of interest are the expected time until the most recent common ancestor of
the samples, given by the total height of the tree: Tyrea = Tk + Th1 + -+ + T2:

E(Tmrea) = Z E(T))

k

:2Zﬁ:2<1—%); (1.2.4)

=2
and the expected total branch length of the tree, which can be computed by weighing the
times T, according to the number of live lineages:

E(BLy) =) i E(T)

1 1
:22 —1=2> (1.2.5)
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We can see from equations (1.2.4) and (1.2.5) that taking large samples has quickly diminishing
returns, since the expected tree height is bounded by 2, and the expected total branch length
grows on the order of log(k).

An important benefit of looking at the population evolution through the lens of the
coalescent is that simulating gene genealogies becomes computationally feasible, even for very
long-running processes and very large population sizes. Indeed, given a sample of k genes
in a Wright-Fisher population, we can simulate the exponential time Ty, and then choose a
random pair from the (g) possible pairs to form a coalescence. Then replace k with kK — 1
and repeat until the MRCA of the sample is reached. This approach, with many other added
capabilities for more general models, is notably used by the ubiquitous simulation software
ms (Hudson, 2004).

1.3. Demographic models

In this section we discuss some generalizations to the Wright-Fisher model and the associated
coalescent process that allow for more flexibility in the population evolution, and thus more
realistic and useful models featuring fluctuating population sizes and population structure.

1.3.1. Population size change

In the previous sections we have been assuming that the evolution of the population is
constrained to having a constant size throughout time. we now relax this assumption by
introducing a population size function. Returning to the discrete-time framework, we denote
by N(g) the number of haploid individuals or sequences in the population g generations
before the present. Therefore, N(0) = 2/N would be the current population size, N(1) the
size of the generation prior, and so on. We note that in this model, the probability for two
genes sampled in the present to have a common ancestor in the previous generation is

1

N(1)
Continuing this argument g generations in the past we have that the probability that a pair
of genes have not yet coalesced is given by:

P(MY>9) =11 (1 - ﬁ) (1.3.1)

i=1

We can consider a continuous-time version of N(g) by rounding up the coalescent times
2Nt to an integer number of generations. With this we can define N°(t) := N([2Nt]) as
well as the continuous-time relative size function A\(t) = N°(t)/N°(0). We now derive the
distribution of the time T, for this size changing population. Recall that for x € (0;1) we

have the inequality
X
x<—In(l—-—x) < ,
Q-x) <1
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which after substituting x for 1/N(/) and adding for i =1, ..., g reduces to

g

& 1
Z/v() Zln( N()><2W' (1.3.2)

We note that with the change of variable 7 = //2N we can have the transformation

1 J 1 g di 9/2N = g4
Z:W =2 Ne(i/2N) /1 Ne(i/2N) /o )’

Zm < ) InH ( ) InP(TY > g) = InP(T» > g/2N)

therefore (1.3.2) implies that for large N:

g/2N
—InP(T» > g/2N) %/O %
& P(Ty>t)=exp (—/O %) (1.3.3)

Equation (1.3.3) indicates that there is a very close relation between the relative size
change function A\(t) of a varying size Wright-Fisher population and the distribution of the
time until the coalescence of a pair of genes sampled from such a population. We return to
this idea in §1.4.3.

A similar result can be had for the distribution of Ty, i.e., the time until the first coalescence
in a sample of size k. Indeed, by counting favorable and total cases, we have:

P 1y = MWL) = DN ~2)-- (N(1) = (k 1))

N(1)*
k-1 :
-
oy N
which, after following a series of derivations similar to those of (1.2.2), conduces to:

P(Tﬁ)l)z1—<k>ﬁl)

= P(TY>

22
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from which we get:
K\ [t dT

1.3.2. Population structure

Another one of the strong assumptions in the basic Wright-Fisher model relates to the fact
that parents are chosen at random with equal probability. In a mating population, this
would translate to the assumption that every mating pair is equally as likely to produce
offspring. In reality, physical distances often impose an important barrier for finding mates,
and geographically close pairs are more likely to produce offspring than those that are much
further apart.

o0y o0—o—o Jo
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Figure 1.2: Examples of models of structure.

We can model this idea in the Wright-Fisher scheme using the finite Herbots's model of
the structured coalescent (Herbots, 1994). We assume the existence of n populations or
demes that behave as haploid Wright-Fisher models of size N; = 2s;/N genes each, where
s; is the relative deme size and N is large as usual. Migration occurs between demes as in
each generation a proportion gj; of lineages migrates from deme / to deme ;. We denote
by m; the proportion of the population of deme / that was received from other demes in
any given generation, such that m; = Z,—#j q;i Sj/si.- Herbots showed that measuring time
in units of 2N generations and making N go to infinity in such a way that the number of
migrants stays bounded, the model converges to a continuous-time Markov process. In this
transformation, g;; goes to zero in such a way that the product 2Ng;j; s;/s; converges and
has limit M;;/2. Thus we can express the transition rates in the rate matrix Q of the Markov
process as functions of n, s; and M;.

There are several different types of demographic models. They differ by the configuration
of their deme sizes and the patterns of connectivity. Some notable examples (see Figure 1.2):

= The symmetrical islands models, or n-island model for short (Wright, 1931): all islands
have the same size, and all the migration rates M;; between any pair of islands / and j
are equal, so we use the notation M = (n—1)M,; to denote the migration rate received
by any given island.
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= Continent-island models: one island (the continent) is significantly larger in size than
the rest, which are of the same size. Additionally, migration only occurs from the
continent to the islands with rate M;. In some cases, migration back from the islands
into the continent is modeled with another rate M.

= Stepping-stone models: the islands are spatially arranged, and migration can only
occur between neighboring islands, with symmetrical rate M. Many different spatial
arrangements are possible, but popular ones are rectangular and linear arrangements.

It is important to note that in general structured scenarios, no closed-form expressions can
be obtained for quantities of interest like E(T5) or the site frequency spectrum (SFS), for
instance. One recurring theme of this dissertation is exploring such properties in special cases
of structured scenarios.

1.4. Demographic inference

Demographic inference is one of the central topics of this work. We are interested in extracting
information from observed data in the form of estimated model parameters. There are several
different coalescent models attempting to describe various aspects of the genealogy and using
different sets of assumptions, and there is often a multitude of parameters defining such
models. Regardless of these variations, mutations are the source of observed genetic diversity,
and any model that attempts to explain real-world data must account for the presence of
mutations.

1.4.1. A model of mutation

Here we explore a generalization of the Wright-Fisher model where the assumption that each
descendant is exactly identical to its parent is lifted. We introduce genetic types by imposing
a mutation process on top of the evolution process, where each time a lineage or gene copies
its parent from the previous generation, a mutation is introduced with probability v, and thus
the offspring becomes a different genetic type. Alternatively, the new lineage is an exact copy
of its ancestor with with probability 1 — w.

Under the lens of the coalescent we may be interested in knowing, for instance, the average
number of generations we need to trace back in the genealogical history of a single lineage in
order to find a mutation. In each step backwards in time, the probability that the lineage
experienced a mutation has a Bernoulli distribution of parameter u, therefore the probability
that the lineage has mutated after exactly g backward generations is given by

P(Tii = 9) = u(1 - v}’

where T} is the time until first mutation of a sampled lineage, with a geometric distribution
of parameter u. Measuring time in units of 2/ generations, we can once again obtain a
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convenient continuous-time approximation for large N:

P(Th <g)=1-(1-u),
& P(Tu<t)m1l—e 2 (1.4.1)

where Ty, denotes time in units of 2/ generations and 6 := 4Nu is the scaled mutation rate.
This parameter can be interpreted as the expected number of mutations separating a sample
of two lineages, since the expected time until their coalescence is 2/ generations, and thus
2Nu mutations are expected on each branch.

Equation 1.4.1 indicates that T), can be approximated by an exponential variable of
parameter 6/2 for large values of N. A consequence of this is that the number of mutations
in a branch of length t in the genealogical tree is Poisson distributed, with intensity t6/2.
Therefore, if we denote this number of mutations M;, we have:

(t6)~ o 10/2

P(M; = k) = ok

(1.4.2)
Knowing the distribution of M, allows us to simulate the mutations efficiently. Indeed, given a
simulated genealogical tree, we can randomly place M; mutations on each branch of length t
to obtain a realization of the coalescent process with mutation.

1.4.2. The SFS

We can model the process in which mutations occur in genomic sequences in a simple way by
introducing the assumption that the probability for a mutation to occur in the same position
twice is null. This assumption is justified in the presence of very long sequences with low
mutation rates, and it is known as the infinite sites model of mutation, in which mutations
always happen in new locations. Under this assumption, we can assign binary states to
the positions along the genome. The two states, which can be coded as 1 and 0, can be
interpreted as the position containing a mutation or not, respectively. We can thus represent
a genomic sequence as a string of zeroes and ones. If two genes are observed to have different
codes in a given position, we say that the position is a segregating or polymorphic site. We
could distinguish a mutated position from a non-mutated one, for instance, by comparing
with a sampled sequence from an outgroup species.

A convenient way of summarizing the genetic diversity of a sample under these assumptions
is to simply inspect the values of the sampled sequences in the segregating sites, given that
the sequences match exactly in all other sites. Consider the following example, where k = 6
sequences were sampled, and 8 segregating sites were observed among them.

The rows of Table 1 contain the sequence encoding for each of the segregating positions
(columns, labeled SNP j for single-nucleotide polymorphism number j). For instance, we
can see that 4 of the 8 polymorphisms were singletons, meaning that a mutation happened
in exactly one of the sampled sequences. We can similarly track the number of sites that
exhibited exactly / mutations, and compile this information in a vector £ = (&1, ..., &k 1),
where &; is the number of segregating sites at which there are exactly / copies of the mutant
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SNP1 SNP2 SNP3 SNP4 SNP5 SNP6 SNP7 SNP8

Sample 1 0 1 0 0 0 0 1 0
Sample 2 1 0 1 0 0 0 1 0
Sample 3 0 1 1 0 0 1 0 0
Sample 4 0 0 0 0 1 0 1 1
Sample 5 0 0 1 0 0 0 1 0
Sample 6 0 0 0 1 0 1 1 0
Total 1 2 3 1 1 2 5 1

Table 1.1.: An example for how to compute the observed site frequency spectrum (SFS) in a sample of
size k = 6 genes. The columns show the segregating sites (SNPs), which are the positions in the genome
where a mutation is observed for at least one of the sampled sequences. With increased sequence length,
the table grows horizontally, but the SFS is always of length k — 1 because this is the maximum possible
number of observed mutations (a column full of 1s is not possible since this would correspond to a
mutation taking place before the most recent common ancestor of the sample, and as such it would not
visible in the coalescence tree).

type. In the example of Table 1, £ = (4,2,1,0, 1). Under the assumptions of a Wright-Fisher
model with constant population size and scaled mutation rate 6, it can be shown that:

[E(g,-):?, i=1,... k-1 (1.4.3)

See Tajima (1989); Fu (1995); Griffiths and Tavaré (1998); Hudson (2015) for various proofs
of (1.4.3). The vector £ is known as the Site Frequency Spectrum, and it has been the basis
for many estimators and test statistics for analyzing genomic data. Notable examples are the
O (Watterson, 1975) and 6, (Tajima, 1983) estimators of 8; Tajima's D (Tajima, 1989);
Fay and Wu's H (Fay and Wu, 2000); and the fixation index Fs1 (Wright, 1943).

1.4.3. The IICR

We show in §1.3.1 that the distribution of T, times in a size-changing Wright-Fisher population
is closely related to the relative size function A(t). Indeed, in (1.3.3) we can solve for A(t)

to obtain: (T .
A(t) = (T2 > )'
fr

2

(1.4.4)

where f7, is the probability density function of the T, random variable. There are methods
that can estimate the right-hand side of (1.4.4) from real data, most notably the PSMC
method from Li and Durbin (2011) estimates T, by analyzing the local density of the number
of segregating sites along the genome of a single diploid individual. This method has been
used to estimate the function \(t) in several applications, but it is notable that the quantity
P(T, > t)/fr, can always be defined, regardless of the underlying evolutionary model or
its assumptions, therefore it is useful to study it independently of the assumptions of a
size-changing Wright-Fisher population. This was first done by Mazet et al. (2016), which
referred to it as the Inverse Instantaneous Coalescence Rate, or IICR for short.
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It is important to stress that the [ICR is not tied to any particular model, panmictic or
otherwise. It is defined using the distribution of the coalescence times of a sample of size two
asin (1.4.4). It can be approximated to arbitrary numerical precision under many demographic
models (Rodriguez et al., 2018); it can also be computed empirically by simulating a sample
of coalescent times (Chikhi et al., 2018); and it can be read from full sequence genomic data
using the appropriate methods, like the previously cited PSMC.
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Chapter 2.
Demographic inference using the IICR

To use the IICR as a summary of genomic information we first assume that an [ICR curve can
be obtained, which we will use as the target for demographic inference. With simulated data
(sequences or T, values) this target curve can be obtained under any pre-defined coalescent
model that could be expressed with a simulation tool (e.g., the ms program (Hudson, 2004)).
With real genome-wide sequence data, the curve can be estimated with the PSMC method
of Li and Durbin (2011). We then try to identify a piecewise stationary n-island model
that generates an IICR that is identical or similar to the target IICR (or PSMC curve). The
similarity between the two IICR curves is quantified with a distance metric defined below. We
use a genetic algorithm to explore the parameter space (number of populations, migration
rate within a time component, and timing of these changes assuming a fixed number of
components for each independent analysis) and minimize that distance. We compute the
[ICR under the non-stationary structured coalescent (NSSC) of Rodriguez et al. (2018).

2.1. The piecewise stationary n-island coalescent

2.1.1. The parameter space

We first define the parameter space, as this directly determines the family of demographic
histories that we can explore and infer from. The piecewise stationarity refers to the fact that,
although migration rate is constant and identical between any pair of islands, this rate may
be different between consecutive time periods (components), and there is a fixed number 7y
that represents the number of demographic events. To say that there are vy > 0 changes of
gene flow thus means that there are ¢ =<y + 1 components or periods of constant gene flow.
Likewise, the deme size, which is the same for all islands, may in theory change through time
in the general model presented in Rodriguez et al. (2018). In the present study we focus on
models with constant population size but we present a more general model where deme sizes
can change between components. In this more general case, the parameter space includes
the number of islands n, the times t; for the demographic events, and the values of both the
migration rate M, and the local deme size s; at each new demographic period. Note that n is
inferred but it does not change through time. We thus assume no extinction, no population
split and no creation of new populations.
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Given a fixed integer -y of demographic events to consider (v > 0) and a collection of
bounds B in the form of:

B = ([nmin; nmax]v [tlmin; tlmax] s [t'ymin; t'ymax],
[MOmin; MOmax] B [M’ymin; M'ymax]v [SOmin; SOmax] cee [Swmin; Sfymax])r (211)

we define the parameter space @, g as:

Prp={o=(nti.. t, Mo M5 5)ENXR, st Vi
2 < Nmin < n < Mmax 0< timin < ti < timax;

0< M/min < Mi < M/’max; 0< Simin < Si < Simax } (212)

We define bounds for each variable because we use a constrained optimization algorithm, for
which all parameters must be bounded (see §2.2). Also, since we focus on the case where
there are no deme size changes, we enforce this by using B, as making Sjmin = Simax = 1 for
all 0 < 7 < 7y effectively fixes all deme sizes to 1, and reduces the number of parameters
to 2y + 2.

2.1.2. Computing and scaling the IICR

Given any demographic scenario from @, g, the associated coalescent process is an instance
of the NSSC of Rodriguez et al. (2018). Our main object of interest regarding these scenarios
is the IICR. In the supplementary materials we provide a brief overview of how to perform its
computation for any given ¢ € ®, g based on the work of Rodriguez et al. (2018).

The computation of the IICR uses functions that receive the time t in units of 2N
generations, and return values in units of N generations per coalescence, so these IICR
functions are dimensionless in the sense that they operate in a relative frame of reference.

In order to compare the IICR with PSMC inferences, we need to re-scale both the time
and the IICR values by a reference deme of size N which specifies how many haploid genes
correspond to a local deme size of 1 as follows:

slICR(g) = N lICR(g/2N);

where slICR(g) refers to the scaled 1ICR, and [ICR(t) to the unscaled (dimensionless) one.
Note that we use g for generations as the variable name for slICR to further stress the
difference. The parameter space for the slICR can be thought of as a simple one-dimensional
addition to ®,, g:

&ny,B = {(ﬁ = (N, @) € R x &, g such that 0 < Npjp, < N < Nmax}-

Considering the ¢ components which constitute the model, we note that during component /,
taking 0 < 7 < 7y = ¢ — 1, the underlying coalescent process X; is being governed by an
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n-island model which has transition rate (see Rodriguez et al. (2018) for details and a more
general approach):

1 1
M Mo

Qi = 1 ——= 0 ],
0 0 0

where the three states in the matrix Q; are sorted, both by row and column, as:

1. the two sampled lineages are in the same deme (configuration ‘same’);

2. the two sampled lineages are in different demes (configuration ‘diff.");

3. the sampled lineages have coalesced (absorption).
Additionally, the rates in this matrix are active during the time interval [t;; t;;1), where we
understand ty and t,;; to be 0 and +oo respectively.

We know from that the probability distribution of T, is given by the cumulative effects
of the exponential functions e'® (see Hobolth et al. (2019) for an extensive review). More
formally, given any t > O, let / be the largest index such that t; < t, for which case we have:

i
P(t) — <H e(tkfkl)le) e(f*t/)Qi'

k=1

dP(t ’
D(t) — d(t ) — (He(tk_tk—l)Qk—l>Ql_ e(t=t)Qi (2'1‘3)
k=1

Since component (p, q) in matrix P(t) gives the probability P(X; = g | Xo = p), then the
random variable 75 qame Of the time until coalescence of two lineages sampled in the same
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Figure 2.1: Connectivity and population size graphs. Visual representation of the t;, M; and s; of a
demographic model with ¢ = 3 components. We refer to the upper part of the figure as a connectivity
graph. The lower part represents population size changes of the general model. In the present study
the s; are identical and equal to 1 and will not be represented with connectivity graphs. The number
of islands is inferred but constant, and it is not shown in this figure (although it is usually shown in a
separate figure or panel).
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deme (initial state 1) has distribution Feame(t) = P(t)(1.3) and density fiame(t) = D(t)1,3),
and for the case where we sample in two different demes (initial state 2), then T 4. would
have its distribution given by Fyi (t) = P(t)(2,3) and its density by fgir (t) = D(t)(2,3).

The factor matrices in (2.1.3) can be computed in several ways in the general case (see
Herbots (1994) or Hobolth et al. (2019)), but considering this particular instance of size
3 x 3, they may also be computed directly given an arbitrary At and rate matrix Q:

Fll F12 1_/:11_/:12

M= R Fo 1—Fn—Fxn |, (2.1.4)
0 O 1
where
(6 +a—2Ms)exp, + (6 — a + 2Ms)exp, B At(6 — o)
Fu = 26 ' &P = exp( 2s(n—1) )
Fio = (n—1)Fa, o — ox (At(—é—a)>
Ms(exp; — exp,) P2 = &P\ s — 1)
Far = :
0 §=+a?—4Ms(n—1),
Fy — ((5+a—2M5)exp1;;(5—a+2Ms)exp2, o= Mns+n—1
(2.1.5)
With this we can efficiently compute either IICR functions:
1-— Fsame(t) 1— Fdiﬂ’.(t)
HCRsame(t) = ——————— HCRgitr (t) = ————=—= 2.1.
amelt) = () A O (219

In contrast with the parameter space for the unscaled [ICR (P, ) in which there is a
one-to-one correspondence between a parameter tuple and the corresponding IICR curve,
there are only 3y + 3 independent degrees of freedom in ®. g, even though there are 3y + 4
parameters. This notion is formalized by the following lemma.

Lemma 1. Givenany ¢ = (N, n, ty...t,, My... My, S ...5y) € O, 5, then the parameter

tuple:

R N M, M.
(poz(E,H,Ctl...cty,?O"'T’Y,CSO---CS'J

is such that:
slICRs(g) = slICRg,(9) Vg > 0,

where C is any rescaling factor for which the coordinates of Qg are within the bounds B.

Proof. Let us denote by , 1 s(t) the factors e!® that appear in the definition of P(t)
(equations 2.1.3 and 2.1.4). It is easy to verify that for any C > 0, we have:

Toms(t) = T, 1 0 (CE). (2.1.7)

Indeed, from the expressions in (2.1.5) we can see that the parameter M always appears in
the factor Ms, and the parameter t always appears in the factor t/s, which are invariant
under the transformation (M, s, t) — (¥, Cs, Ct).
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Next, given any:
e=(nt...t,, My... My, 5...5y),
My, M
(poz(n,Ctl...th,?---?’y,Cso...qu),
and any t > 0, we can write P(t) from (2.1.3) as:

Po(t) = (Hm,M“,s“m - tk_o)vrn,M,,s,(t 1)
k=1

= (Hﬂ- Mi—1 - (Ctk - Ctk—l))” Mi ¢ (Ct - Cti)
1 m=c %1 m s
= P,,(Ct). (2.1.8)

where | is the largest index such that t; < t and subsequently Ct; < Ct. We denote
now by Fy,(t) any of Fame(t) = Pp(t)(1.3) or Fairr (t) = Po(t)a.2). From (2.1.8) we have
Fu(t) = Fp,(Ct). In order to introduce scaling, we consider an arbitrary effective size N and
perform the corresponding change of variable t = g/2N. Thus, by having ¢ = (N, ) and

©®o = (N/C, o), we get:
(5 -()

1 g C Cg
+ o) = ()
N 1 — Fy(g/2N) _ N 1- Foo(Cg/2N)
fo(9/2N) C  fp(Cg/2N)
= slICRy(g) = slICRg,(9) [

The implication of Lemma 1 is that when trying to infer all the parameters of ¢ simul-
taneously, the only parameter for which we may get an absolute estimate is n, as the rest
of them can only be distinguished up to an unknown re-scaling factor C. Note that this
un-identifiability issue is different from the one identified in Mazet et al. (2016) regarding the
inability to discriminate between panmictic and non-panmictic demographies with a single
I[ICR. However, we stress here that in practice this is not necessarily an issue because it
suffices to fix one of the model parameters (for instance, s = 1) to be able to uniquely map
any slICR curve to its parameters. In the case of constant size this is even less of an issue,
since all deme sizes are fixed to s; = 1 and thus no further considerations are necessary.

2.2. Optimization framework: search algorithm and
optimality criteria

The search algorithm explores the parameter space and uses an optimality criterion to select
the structured scenario that best explains a given target |ICR curve, either scaled or unscaled.
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We also assume that the underlying coalescence times for these target [ICRs have cumulative
distribution fy and density fq.

Given a target IICRy and a parameter space ®., g, we want to find a parameter tuple ¢ in
®, 5 such that the exact IICR curve corresponding to the model defined by ¢ (denoted by
lICR,) approximates [ICRy. We thus want to find the minimal distance:

min d(I1CRy, IICRy). (2.2.1)

(PE(D,Y,B

Regarding the distance d, a straightforward definition would be:
d(IICRy, 1ICRy,) :/ [ICRo(t) — IICRy(t)|w(t) dt, (2.2.2)
0

where w(t) is a weight function that should take into account the natural distribution of

the information in an IICR. One reasonable solution for w is to take a quantity proportional

to the density f; of the coalescence times because it ensures that the integral in (2.2.2) is

finite, and also because it assigns more weight to the temporal periods where the target

IICRq is expected to be more accurate and reliable since more coalescences are likely to have

happened.

We thus consider the family of weight functions:
fo’ (1)

YO =

(2.2.3)

where || - ||; is the L-norm and w > 0 is a weight-shifting parameter, with the purpose of
dampening (if w < 1) or exaggerating (if w > 1) the effect of the weight fy. Unless otherwise
noted, we take w = 1, which corresponds in practice to giving more weight to recent periods
of the IICR in direct proportion to the density fy in an n-island model.

In practice, we need to consider that all we know about [ICR; is a stepwise discretization
over a bounded interval of time, so a numerical approximation of the distance (2.2.2) is
required. This includes approximating the density fy of the underlying T, distribution. Given
a division of time into Z intervals {[Tj_l; TJ)} for 1 <j < Z, where 7o = 0 and 77 < 00, we
can consider a discrete representation of [ICRg in the form of a collection of Z values {y;}
such that:

HCRo(t) =y;, Vtel[r_;7), 1<j<T. (2.2.4)

We can use this form to compute a numerical approximation for the integral in (2.2.2). For
instance, a first degree approximation would yield:

d(IICRo, ICRy) = >~ |y = ICRy (7)) w(7;-1) (13 — 75-1).

As for the values of w(T;), notice that from (1.4.4) we have the identity:

fi(t) = exp(/ot%)/mo(t),
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which, using the representation (2.2.4), can be discretized into:

f0(0) = 1/yo,

J
fo(T)) zexp(2%>/yj, 1</j<T.

k=1

We then have that for any given w, w(7;) can be expressed as:

w(r) = £(r) / S (m).

An alternative option for the definition of d in (2.2.1) could be one that takes into account
the ultimate visual nature of the curve fitting task. Assuming that the points {7;} are
log-distributed and that they will be used for visualization purposes in a horizontally log-scaled
plot like Figure 2.11, then the definition:

d(IICRy, lICR,) = Z ly; — ICRy(T5)], (2.2.5)

captures the perceived visual difference between the plots of the two curves. We distinguish
distance (2.2.2) from (2.2.5) by denoting them d,, and dysa respectively. We keep both
definitions because we found that the weighted family of distances generally performs better
than the visual distance under certain validation tests, but also that the d,,, distance can
be used to choose the optimal weight parameter in d,, (see Figure 2.24).

Regarding the optimization problem (2.2.1) itself, we use the Differential Evolution method
(Storn and Price, 1997). As a genetic meta-heuristics, this algorithm maintains and evolves
(using mutation and recombination parameters) a population of solutions iteratively. As
a global optimization algorithm, it features mechanisms for escaping local optima of the
parameter space. In §2.2.1 we explore the potential effects on the inference results of tuning
some of the parameters provided by this algorithms implementation. For our validations,
the method runs by using multiple steps of optimization which we refer to as rounds. In
addition, we stress that the method should be used multiple times on real data sets. We set a
maximum number of allowed rounds, as well as a tolerance € for the distance which controls
the minimum number of rounds.

2.2.1. Comparison of optimization parameters

Here we explore the effect of various parameters of the optimization algorithm on the speed
of convergence of the inference process.
The most important parameters that affect the search process and convergence criteria are:
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= strategy: it can be one of 12 possible values (see Table 1) and controls how each new
generation of solutions are computed from the previous one. Default is ‘bestibin’.

» maxiter: maximum number of iterations the algorithm will perform before forcing
convergence. Default is 5000.

» popsize: number of simultaneous solutions during any given generation. Default is 15.

= tol: relative tolerance for search convergence. The convergence criteria is met when
the standard deviation of the solutions within a generation is smaller than tol times
the average energy (in our case, distance) within that generation. Default is 1072,

» mutation: per-generation mutation rate of the solutions. The default behaviour is to
draw a random value from a uniform distribution in [0.5, 1] each generation.

» recombination: per-generation recombination rate of the solutions. Default is 0.7.

We selected 10 random simulated scenarios with unscaled IICR and ¢ = 4 components
from the set of exact IICR validations that had not converged before 500 rounds (these would
correspond to scenarios off the diagonals in Figure A.4). For each one of them, and for each
of the 12 possible values for the strategy parameter, we attempted another 100 rounds.
Table 1 shows the number of rounds it took for each of the 10 scenarios to converge in each
case (a value of 100 means that convergence was not reached).

Strategy #1  #2  #3  H#4  #H5  H#6  #T  #8 #9  #10 | Total
best2exp 17 1 100 2 100 22 3 100 57 22 424
best2bin 6 35 100 2 11 93 100 4 33 100 | 484
currenttobestlexp 2 80 100 5 100 69 12 100 8 26 502
bestlexp 3 76 100 21 4 100 10 100 62 100 | 576
randlexp 4 100 100 10 100 14 100 100 100 38 666

randtobestlexp 32 100 100 9 100 78 100 30 100 100 749
currenttobestibin 21 100 100 27 100 100 100 94 63 88 793

bestlbin 27 100 100 28 54 100 100 100 100 100 | 809
rand2exp 40 100 100 100 100 24 100 100 100 100 | 864
randibin 100 100 100 3 100 100 100 100 100 100 | 903
rand2bin 9 100 100 23 100 100 100 100 100 100 | 919

randtobest1bin 92 100 100 100 100 100 100 100 100 100 | 992

Table 2.1.: Results of varying the strategy parameter of the differential evolution algorithm on the
speed of convergence of 10 difficult demographic scenarios with ¢ = 4 components.

As can be seen, strategy ‘best2exp’ was best with a combined number of 424 rounds for
the 10 scenarios.

Next, using this optimal strategy parameter, we tried one alternative value for the rest
of the optimization parameters at a time, again allowing a maximum of 100 rounds. The
alternative values were as follows:

» maxiter was changed from 5000 to 10000.
» popsize was changed from 15 to 50.
= mutation was changed from random sample in [0.5, 1] to random sample in [0.5, 1.7].
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» recombination was changed from 0.7 to 0.9.

The results, shown in Table 2, suggest that these parameters should be left at their default

values.
Parameter no.l no.2 no.3 no.4 no.5 no.6 no.7 no.8 no. 9 no.10 | Total
popsize 100 100 100 100 100 100 100 100 100 100 1,000
recombination 100 100 100 100 100 100 100 100 100 100 1,000
mutation 100 100 100 100 100 100 100 100 100 100 1,000
max-iter 100 100 100 100 100 100 100 100 100 100 1,000

Table 2.2.: Results of varying the popsize, recombination, mutation and max-iter parameters of
the differential evolution algorithm on the speed of convergence of 10 difficult demographic scenarios
with ¢ = 4 components.

2.3. Validation framework and results

We applied the SNIF inferential method to target IICRs generated under piecewise stationary
n-island models of increasing complexity (i.e., number of components) and with known
parameter values (N, n, t;, M;) and then compared the inferred parameter values to those
actually used.

In what follows we present various ways of generating random demographic scenarios and
then computing appropriate [ICR curves from them for use in validation.

Continuous Exact
sampling IICR
N ) T-sim Po
] (N,n,tj,M;) IICR SNIF (NO,n0,0,M0)
Discrete Seq-sim
sampling IICR

Figure 2.2: Flowchart of the validation procedures. Starting from a parameter space &37,5 we use one
of two sampling methods (§2.3.1) to generate a demographic history ¢ defined (for the scaled case) by
the parameters (N, n, t;, M;). We then compute the IICR of that demographic history using one of three
methods (§2.3.2) to obtain the target IICR. After that, we run the inference algorithm on this target
IICR curve (using wider bounds than those in B) to obtain an estimated (or inferred) demographic
history @o = (N°, n°, t2, M?), which we then compare to the known @ in order to assess the accuracy
of the inference methodology (§2.3.4 and §2.3.5).

2.3.1. Sampling the parameter space

Given a parameter space ®., g (we only discuss the unscaled case here for brevity, but the
same principles apply to a scaled parameter space), we sample demographic scenarios from

41



which we compute the corresponding IICRs. We used two sampling strategies which we call
continuous and discrete sampling.

Continuous sampling. Assuming that we want to realise L independent tests, this sampling
strategy consists in using uniform or log-uniform distributions for each of the 3y + 3 random
variables:

n~ U{Nmin, Dmin + 1, ..., Nmax},
ty ~ LUio[timin; timax]s - - -+ ty ~ LU10[tymin; tymax)
Mo ~ U[Momin; Momax], - - -+ My ~ U[Mymin; Mymax],
So ~ U[Somin; Somax] - - -+ Sy ~ U[Symin; Mymax], (2.3.1)

where U denotes a uniform distribution (discrete in the case of n and continuous for the
rest) and LUjo denotes a log-uniform distribution of base 10. This distribution is used for
sampling the times of changes in a logarithmic space in order to take into account the natural
distribution of information in an |ICR.

After sorting the times t;, we can define the L sampled scenarios by constructing, for
1 <j < L, the tuple (7, .. t, M. .. M, s .. 54) This sampling strategy makes it
very unlikely to sample exactly the same parameter values twice or to sample exactly the same
M, values in two consecutive components. However, it sometimes produces demographic
scenarios in which consecutive t; and/or M; values may be close to each other, and thus
difficult to distinguish. This makes it thus harder on our inferential framework compared to
cases where we would chose contrasted scenarios with clearly separated events with major
changes in migration rates. In other words, our inferential method was sometimes inferring
parameters in the case of extremely difficult scenarios as we show below.

In §2.3.4 we show the results obtained using this sampling method with L = 400 scenarios.
The bounds for sampling and inferring are shown in Table 2.3. In particular, we note that in
practice we disallow deme size changes by fixing the bounds of the s; to 1, which consequently
reduces the parameter space to just 2y 4+ 2 parameters.

simulation inference
min  max min max
2 40 2 50
0.1 50 |0.01 100
0.1 50 |0.05 60
S; 1 1 1 1
N | 103 10% | 102 10%

o3

Table 2.3.: Parameter bounds used during the generation of demographic scenarios for validation.

42



Discrete sampling. Here we sampled L = 100 independent scenarios from the same
parameter space, but using the following set of predefined values:

nen={25,10,15, 20},
t;et=1{1/10,1/2,1,2,5,10,20,50} Vi,

M; e M ={1/10,1/5,1/2,1,2,5,10,20,50} Vi,
s;es={1} Vi

The inference process was, however, done within the continuous space. For instance, under
this validation scheme (see §2.3.5) we only simulated data with 2, 5, 10, 15, 20 islands but
the inference process always allowed n to take any value between 2 and 50. The choice of
the L independent simulated data sets was done using the following procedure. We first
considered the following cartesian product of dimension 2y + 2:

K=nxt"x Mt x{1}.

and then uniformly drew L tuples from K without replacement. We then sorted the sampled
event times obtaining thus a set of L demographic scenarios. We drew randomly (without
replacement) from the set K, rejecting scenarios with identical M, values in two consecutive
components, until we reached L accepted scenarios.

2.3.2. The three types of target IICRs

We explored three different types of target IICRs (see Figure 2.3) that could be obtained
given a scenario p € @, 5. All IICRs were discretized so as to be comparable to PSMC plots
(see equation 2.2.4).

Validating SNIF on PSMC plots across the parameter space described above would be
extremely time consuming as it would require simulating genomes and then running the PSMC
method (or other related methods) on these genomes before applying our approach. We thus
only ran the PSMC method in the case of the scenarios inferred for the human data so as to
integrate the uncertainty due to the PSMC inferential process. The issue of uncertainty is
crucial but our aim is not to test the PSMC or other inferential methods. To clarify this we
explain below the different types of IICR that could be computed given a scenario ¢ € ®, 5.

Exact IICR We can compute the IICR for any n-island model at any time value t, but
to generate input data we need a discretization as in (2.2.4), so considering that we take a
log-distributed sample of size / in the interval [tmin, tmax], We end up with a suitable IICRy.
Note that even though this IICR has been discretized, its values are exact within machine
precision, so it is still an artificial product compared to real data.

For the validations using the exact |ICR in §2.3.4 we chose for the distance tolerance
between a target and an inferred IICR a value of € = 10719 for the unscaled IICRs and an
equivalent value of € = 107" for the scaled IICR (since the simulated N was always 1000).
It should be noted that this value of ¢ is quite small even for double-precision floating-point
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arithmetic, and thus is only a reasonable choice for validation using exact IICRs (i.e., those
where the distance could theoretically be zero).

T-sim IICR The T-sim IICR is obtained by simulating a finite collection of T, realizations
using ms and then building an empirical IICR as in Mazet et al. (2016), using the Kaplan-Meier
estimator (Kaplan and Meier, 1958), with log-distributed times. We stress that ms scales
time in units of 4N generations whereas our models use a scale of 2V generations (see the
example in Figure 2.3), so this must be kept in mind when writing ms commands.

Seq-sim IICR We simulate genomic sequences with ms and then apply the PSMC method
for obtaining the IICR to be used by the inference method. Since simulating genomes and
performing PSMC analyses is significantly more time consuming than the other two methods,
we limited ourselves to validating the Seg-sim IICR for the human PSMC based scenarios
that we obtain after performing the demographic inference described in §2.4. The results of
this step are shown in §2.4.2 of the Supplementary Materials.

,104 (a) (b) (C) '104
12 Lol ol A Lol ol A Ll gl A 12
1.0 - 1.0
0.8 - 0.8
o
O 0.6 L 0.6
0.4 - 0.4
0.2 - 0.2
O T IIIIIII T T IIIIIII T LI ] T IIIIIII T T IIIIIII T LI ] T IIIIIII T T IIIIIII T LI ] 0
103 10* 103 10* 103 10*

Time in generations

Figure 2.3: The three ways of obtaining a target ICR. The panels represent different types of discretised
target [ICRs for the same two-components demographic history with N = 103, n = 4, t; = 7,
(M;) = (0.5,1.0) and (s;) = (1.0, 1.0). (a) Exact lICR, computed as per section 2.1.2 and discretized
to 32 intervals. In gray we show a smoother discretization and keep it in the other panels for reference.
This is obtained using the approach of Rodriguez et al. (2018). (b) T-sim IICR, obtained by simulating
2 x 10* T, samples using the ms command ms 2 20000 -T -L -1 4 2 0 @ @ 0.5 -eM 3.5 1 -eN
3.5 1 and later scaling the IICR using the value of N. This is the approach used in Chikhi et al. (2018)
(c) Seg-sim IICR, obtained by running PSMC on a genome simulated using the ms command ms 2 100
-t 100 -r 20 2000000 -p 8 -1 42 0 0 @ 0.5 -eM 3.5 1 -eN 3.5 1 and later scaling with mutation
rate 4 = 1.25 x 1078, This is obtained by running the PSMC method of Li and Durbin (2011)
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2.3.3. Quantifying the inference error

In order to quantify the inference error incurred during the continuous-sampling validation
phase, we measured the normalised root-mean-square deviation (nRMSD) between the
simulated and inferred parameter values for each parameter of the demographic models
(c =1 to ¢ = 6 components). These values can be seen in the lower-right corner of every
sub-panel in figures A.1 to A.6 and A.8 to A.13. They are also summarised in Figure 2.4.
We note that the number of islands n and the effective size N (in scaled scenarios) is very
well inferred regardless of the number of components c. On the other hand, the inference
accuracy of the connectivity rates M; does get gradually worse when increasing the number
of parameters (see section Validation results using exact target [ICRs in the main text).
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Figure 2.4: Normalised root-mean-square deviation of the inferred parameters during validation. The
top part of each sub-panel corresponds to the parameters of unscaled scenarios, and the bottom part to
scaled scenarios. The number of components ¢ of the scenarios is in the horizontal axis in every case.

In an effort to quantify the component misidentification phenomenon, we computed
the correlation between 100 randomly sampled pairwise values of simulated and estimated
parameters (in this case, the simulated M, parameter in unscaled scenarios of ¢ = 5
components with the inferred M; parameters of the same scenarios). The key insight
underlying this test is that when a parameter is badly estimated, it may be due to the fact
that the method estimated the value from the component that is either just before or just
after it. Conversely, the value of M from other components should be non-correlated, since
values are taken at random within the range of allowed values. Now, we do not know if the
method used the component just before or just after, as this may change from simulation
to simulation. To solve this problem we computed the correlation (r?) by using either both
values or just the value that was closest. We did exactly the same for the values taken from
other components that are not expected to be correlated. We find indeed that when no
correlation is expected there is no correlation, but when we take the best value the correlation
increases, and it increases much more when it is a neighbouring value. Additionally, we found
that this effect is significantly amplified (r? increased from 0.37 to 0.82) when we exclude
from our sample the tests were the inferred rates were within 10% of the simulated values,

45



further indicating that this effect is present mostly when there is a large mismatch between
the simulated and inferred M values. These results are displayed in Figure 2.5.

1 Non-filtered -
Filtered at 10%
0.75 |- -
L 051 -
0.25 |- -
O - —
random global random far best far best near

Figure 2.5: Parameter misidentification. We measure the r? correlation between M, and /\7/1- in a sample
of 100 scenarios with ¢ =5 components. In ‘random global’ we draw M, from components 0, 1, 3, and
4. In ‘random far’ we draw M; from components 0 and 4. In ‘best far’ we draw M; from components
0 and 4 again, but always keep the best fitting value of the two. Finally, in ‘best near’ we draw M;
from components 1 and 3 and always keep the best fitting value. 'Filtered at 10%’ indicates that the
scenarios where the inferred value was within 10% of the simulated value were excluded.

2.3.4. Validation results using exact target IICRs

A first set of figures (Figures 2.6, A.1 to A.6, and A.8 to A.13) represents the simulated
and inferred parameter values on the horizontal and vertical axes, respectively, using the
continuous sampling strategy. As explained in §2.3.1, the range of possible values in the
inference process was always wider than the range used for the simulated values (see Table 2.3
for the exact values). We quantified the inference error for each parameter by computing the
Normalized Root-Mean-Square Deviation (nRMSD). This value is displayed in the lower-right
corner of each panel of the previously mentioned figures, and summarized for all parameters
in Figure 2.4. For reference, we also highlight the y = x line, indicating what would be a
perfect inference, and the region corresponding to 10% of relative error around this line (50%
of relative error in the case of the t; parameters). A summary of how many tests fall within
this margin of error (and others) is displayed in figures A.7 and A.14. Altogether, these figures
always show the data points near the y = x, hence suggesting that the inferred parameter
was identical or very close to the simulated parameters. This is particularly obvious for all
the parameters corresponding to scenarios with up to four components, where the nRMSD
values stayed below 0.5 (the case of the t; parameters is exceptional, since the exponential
distribution of its range disproportionately affects the error measures). For instance, Figure
2.6a shows the results for a model with three components, in which there is a nearly perfect
match (nRMSD close to or below 0.1 for the non-t parameters) between the simulated and
inferred values for the model parameters. For five- and six-component scenarios the results
are still nearly perfect for most of the simulated scenarios but we observe an increasing
number of cases (i.e., simulated scenarios) where the parameters are poorly estimated, with
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the exception of n, My (and N for scenarios with scaled 1ICRs) which are almost always
well estimated also in such cases (nRMSD values consistently close to or below 0.1). In
particular, we can appreciate a gradual degradation of the correspondence between simulated
and inferred migration values when the number of components c increases, as the nRMSD
monotonically increases to over 0.5 for ¢ = 6. These cases can be identified by the dots
scattered in the different panels. They start to appear in scenarios with three components,
but their number grows with the number of components.
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Figure 2.6: Scatter plots of simulated and inferred parameters. Panel (a) corresponds to scenarios with
¢ = 3 components, and (b) to scenarios with ¢ = 6 components. The different sub-panels represent the
simulated (horizontal axis) versus inferred (vertical axis) parameter values for all the parameters (or a
representative selection of parameters in the case of panel (b)) of L = 400 unscaled simulated scenarios.

These poorly estimated parameters are surprising given the near perfect estimation obtained
for most parameter combinations. This is particularly striking because these dots do not seem
to be distributed in any clear area of the parameter space. We see at least two possible and
non-exclusive interpretations for this result. One is that the search algorithm had not yet
converged when the maximum number of rounds was reached.

The maximum number of rounds was set to 500 in all simulations because we had found
that less than 50 rounds were more than enough in the first tests carried out with one or two
components. The search algorithm might however need more than 500 rounds to reach the
optimal solution for scenarios of increasing complexity. We thus asked whether the maximum
the number of rounds had been reached in the scenarios analysed and whether the proportion
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of scenarios with 500 rounds increased with the number of components. We found indeed
that the proportion of simulations for which that maximum was reached increased with the
number of components. For instance, all five- and six-component scenarios stopped their
parameter search at 500 rounds, hence suggesting that at least some had not yet reached an
optimum solution. For the cases with one- and two-component scenarios, all 800 independent
simulations reached convergence in less than 150 rounds (see Figure 2.7). Again, the choice
of the tolerance € plays a role in these results, and selecting larger tolerances will tend to
produce earlier convergence in general, but not necessarily better results.
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Figure 2.7: Number of performed rounds during validations with exact IICRs. The top panel shows
the number of rounds (up to a maximum of 500) that the method required before converging to a
scenario with a distance value smaller than the tolerance € = 10719 for the unscaled case. The bottom
panel shows the same information for scaled scenarios and a tolerance of € = 10~'. We represent in
different colors the curves corresponding to scenarios with different simulated (and inferred) number of
components, ranging from ¢ = 2 up to ¢ = 6; the same data-set represented in figures A.1 to A.6 (top
panel) and figures A.8 to A.13 (bottom panel). Higher number of rounds is not correlated with worse
fit when the maximum number of rounds is not reached; and when it is reached it is not necessarily
an indication of bad fit either, although all instances of bad fit stem from inferences that reached the
maximum allowed number of rounds.

As a test we randomly identified a couple of scenarios with six components that had
bad estimates and re-ran the algorithm with 5000 rounds. We found that the distance
value consistently decreases with more rounds (see Figure 2.8), but the inferred parameter
values may not converge to the simulated ones because with more components there is a
higher probability that two consecutive simulated M, values are very close, thus making the
corresponding event time challenging to infer.

The second possible reason for the poorly estimated parameters in Figure 2.6 may be related
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Figure 2.8: Convergence of the inferred IICR with the progression of the inference rounds. We measured
the best distance achieved (w = 1) as a function of the completed rounds for up to 5000 rounds. The
two curves correspond to two ¢ = 6 component scenarios that did not previously converge (¢ = 10710)
in 500 rounds (marked with a vertical dashed line). We note that there is a clear trend for the distance
between the IICR curves to decrease with more inference rounds, but there is also diminishing returns to
performing a very large number of rounds, since the issue of component misidentification may be an
insurmountable difficulty for some scenarios (see main text for a more detailed discussion).

to the fact that some simulated components may have a short duration that do not leave a
significant mark on the IICR curve, thus leading them to be “skipped”. We refer to this issue
as component misidentification, which could lead to a particular estimated parameter to be
plotted in the wrong panel. For instance, the method may miss the first change in migration
rate at t; and identify the second change in migration at 5. In such a case the method will
assign the inferred t, value to the set of inferred t; values and plot it in the t; panel. This
wrongly assigned t, value will thus appear away from the diagonal in the t; panel even if it
was well-estimated. Such misassignment cases for one parameter will also have consequences
for the M; plots, and thus will generate several misassignments across panels. They are also
expected to increase in frequency as the number of components increases and as the t; values
become closer to each other. This phenomenon can be observed clearly in the right panels of
Figure 2.9. We also present an attempt at quantifying it for the case of ¢ = 5 in Figure 2.5.
One way to mitigate the effect of this misassignment issue in the analysis of the results is to
visualize the simulated and inferred scenarios using what we call a connectivity graph. This
connectivity graph represents the times at which migration changes against the values of the
migration rates. Such connectivity graphs are featured in the next section.
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2.3.5. Validation results using T-sim IICRs

The connectivity graphs and IICR plots obtained from simulated T, values show that again
the scenarios are generally very well reconstructed (Figure 2.9 and Figures B.1 to B.15).

In Figure 2.9 the connectivity graphs obtained for all the scenarios simulated with three
and four components show that the inferred times at which migration rates changed (green
vertical lines) and the inferred migration rates (green horizontal lines) are generally overlapping
close to the simulated values (dotted vertical and horizontal gray lines). In the right panels
of this figure, we show a subset of the inferred migration histogram (in red). Namely, we
show the distributions of the migration values that were inferred for components with a
simulated migration value of M; = 10 for panel (a) and M, = 1 for panel (b). This allows
us to better appreciate the variance of the inferred migration values in the context of the
simulated ones, as well as the component misassignment effect mentioned earlier. Indeed, we
note here that the incorrectly inferred migration values are clustered around other simulated
values, indicating a mismatch in a particular component assignment which does not affect
the rest of the inferred demographic history (we present a quantification of this effect for a
limited case in Figure 2.5).

For example, consider the right sub-panel of (a). We see that most repetitions correctly
inferred a value close to M = 10 for the components with that simulated migration rate.
However, there were cases where a given component / was simulated with a migration rate of
M; = 10, but it was missed entirely (maybe because it did not generate a very different [ICR
or because it had a short duration), and thus the inferred migration value for component i
ultimately reflected either M;_; or M,;1. In panel (b) we can observe the same effect with
higher intensity because with more components it is more likely for them to be misaligned or
misidentified during inference. See Figure 2.5 for a quantification of this effect on scenarios
of ¢ =5 components.

These connectivity graphs (and the one obtained for five components shown in Figure B.13)
also show that there are regions of the parameter space where the green lines are more widely
distributed. For instance, in the recent past of Figure 2.9b (t; < 1072 generations) when the
simulated M; value was 0.1 or 0.2 the inferred values seem to vary between 0.05 and 0.3,
suggesting that the method identifies periods with low migration rates but that the exact
value is difficult to estimate properly, at least in the recent times. These graphs however
summarize extremely different scenarios, including scenarios in which consecutive M; values
may be similar. We thus stress that the quality of the inference is dependent on the timing of
the changes in migration rates and on the size of the change in M; values.

Figure 2.10 shows the results for four different scenarios. In each of the four panels, we
represented the inferred and target IICR plots, connectivity graphs, N (the size of each the
islands) and n (the number of islands) for the corresponding model. Panels (a) and (b)
correspond to three- and four-component scenarios, whereas panels (c) and (d) show the
results for two five-component scenarios, one for which we obtained very good estimates and
one for which the estimates were poorer. In panels (b) and (c) the inferred and simulated M,
and t; values are on top of each other as can be seen in the connectivity graphs. Similarly, N
and n are also well estimated. Here, the IICR plots also overlap, although this does not always
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Figure 2.9: Connectivity graphs of 100 independently inferred histories obtained by sampling for
each scenario from the values indicated by the dotted lines. (@) scenarios with ¢ = 3 components.
(b) scenarios with ¢ = 4 components. The right sub-panels show a side histogram with only the inferred
migration rates for those components with a specific simulated migration rate (10 for (a) and 1 for (b)).

guarantee perfect parameter estimation, as is the case in panels (a) and (d). Interestingly,
in panel (a) the first change in migration rate (at t; = 200 generations) is estimated at
around 900 generations due to the stochasticity of the IICR plot. This appears to generate
some variance in the estimates of V and n but the connectivity graph shows the same trend
(increasing connectivity) as in the simulations. In the case of panel (d) we can see that the
method had some difficulty in estimating several of the changes in M, values. This is not
surprising as some of the randomly simulated changes do not seem to lead to major changes
in the IICR curves. This generates again some variance in the N and n estimates. We also
observe a significant variance in the connectivity graph even if several runs overlap nearly
perfectly with the simulated connectivity graph.

Altogether the validation tests and figures above suggest that our framework is able to infer
changes in connectivity under the n-island model, and that some scenarios can be extremely
well inferred whereas others may be more difficult depending on their effect on the IICR plots.
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We also observe that for real data it may be helpful to run the analyses for a varying number
of rounds, since too few rounds may negatively affect the quality of the fit. Also, once a
scenario has been inferred, it is advisable, as an additional validation step, to simulate data
under the inferred scenario and use SNIF to re-infer the parameters. This is what we do with
the real human data in the next section.
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Figure 2.10: Simulated and inferred IICR plots, connectivity graphs, N and n. The four panels correspond
to four different scenarios. (@) a ¢ = 3 components scenario (b) a ¢ = 4 components scenario (c) a
¢ = 5 components scenario (d) a ¢ = 5 components scenario. The left part of each panel represents the
target and inferred 1ICRs (top), and the connectivity graphs (down). The right half of each panel shows
the simulated and inferred values for n (top) and N (down). In each IICR graph, the ragged blue line
represents the target [ICR whereas the red lines represent 10 independently inferred IICRs. The vertical
blue and red lines are located at the simulated and inferred values of the event times t;, respectively.
In the connectivity graphs, the black and green lines represent the simulated and inferred connectivity
scenarios, respectively. The simulated n and N values are represented by black circles whereas the
inferred values for the corresponding parameters are represented by red and green full circles and by grey
histogram bars.
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2.4. Application to humans

We applied our method to the human genomes published in the great apes study by Prado-
Martinez et al. (2013). Namely, we used the PSMC files of five sampled humans identified as
Dai, French, Karitiana, Sardinian and Yoruba. Figure 2.11 shows the IICR curves of these
human samples, scaled using a mutation rate of © = 1.25 x 107® and a generation time of
25 years (§2.4).

5
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Figure 2.11: Five human PSMC plots. All five PSMC curves were obtained from the study of Prado-
Martinez et al. (2013). The scaling was done as recommended by Li and Durbin (2011) using a value of
@ =1.25x 1078 and a generation time of 25 years. No further processing was necessary since .psmc
files contain the final result of the effective size or [ICR estimate.

For each human PSMC curve we performed demographic inference independently within
the following bounds:

ne{23,...,100};
t; €[4 x 10%,4 x 10°]
M; € [1/20,20] Vi;
s=1 Vi
N € [102,10%].

Vi

(2.4.1)

The bounds for the t; are specified in generations, so given a generation time of 25 years,
we effectively allowed for the inference of demographic events between 10 thousand and
10 million years ago. Regarding the number of components, we choose ¢ € {2,3,4,5};
i.e., between one and four demographic events in agreement with Mazet et al. (2016) who
suggested that a minimum of three events were necessary to explain the two humps, and in
agreement with our validation simulations which suggest that inference above five components
is difficult.

Some of the analyzed PSMC curves exhibit an increase in effective size in the recent past,
which could be due to a genuine population growth as noted by Mazet et al. (2016). Given
that we choose to specifically rule out changes in deme sizes, we account for this fact by
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running every inference a second time, ignoring this period of possible recent expansion. This
is accomplished using an option that allows to limit the interval where the distance function is
computed. In this case, we restricted both this range and the bounds for the t; to be between
50 thousand and 10 million years ago, thus ignoring any population size change that may
have happened in the last 50,000 years. Note that this option is also useful to ignore very
ancient sections of the PSMC plots which may be difficult to trust.

Since real human PSMCs are unlikely to have been generated by an n-island model, the
default value of w used for simulated data may not be the most appropriate, and we thus
performed inferences with w € {1,0.5,0.2}. Decreasing values of w give increasing weight
to the most ancient part of the PSMC (see the weighted distances (2.2.3)). The resulting
inferred demographic scenarios are shown in section §2.4.1.

To validate the inference process using PSMC outputs, we generated 10 Seg-sim IICRs
corresponding to the inferred demographic scenarios for the French, Karitiana and Yoruba
individuals. We exclude the Dai and Sardinian populations from this analysis because the their
corresponding inferred histories are similar to the other three (see Figures 2.18 through 2.24).
For each one of the selected scenarios we simulated nreps = 30 chromosomes of length
L = 108 base pairs, using the effective size N inferred by SNIF, a per-base per-generation
mutation rate of 4 = 1.25 x 1078 (see (Scally and Durbin, 2012) and references therein).
We kept for consistency the scaled recombination rate of p = 6/5 as in Li and Durbin (2011),
and we ran the ms command with 8 = 4L N using:

ms 2 nreps -t 8 -r pL -p8-1I...

where the rest of the command follows according to the inferred demography (see Figure 2.3
for a reference). After that we prepared a .psmcfa file as input for PSMC, always choosing a
bin size of s = 100. Then we ran the PSMC with the command:

psmc -N25 -t15 -r5 -p "4+25x2+4+6" . .

following Li and Durbin (2011) on human data. We then scaled the resulting curve using the
information in the generated .psmc file and used these PSMC curves as targets to determine
whether we could indeed infer the parameters used for such complex scenarios.

We also applied SNIF to genomic data simulated under the scenarios used to describe
recent human evolutionary history by Gutenkunst et al. (2009) and Noskova et al. (2019).
Here, we thus ask the following two questions: if human evolution were indeed closer to such
splitting models, would our method infer again an n-island model with similar parameters to
those inferred from the humans PSMCs? additionally, do these models generate IICR plots
that are similar to the human PSMCs? The results of these validations are shown in §2.4.2
of the Supplementary Materials.

2.4.1. Results

Figures 2.12 and 2.13 show the results of using SNIF on the human data.
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Figure 2.12: Results of performing demographic inference on the French PSMC curve. Panel (a) shows
the IICR plot inferred for ¢ = 5 components and a weight parameter of w = 0.2. The vertical lines
represent the inferred times of the demographic events. Panel (b) shows the connectivity graph for
the same inferred scenario. As a reference point, the connectivity graph of the scenario proposed in
Rodriguez et al. (2018) is also shown. The vertical axis in panel (b) represent migration rates (M).

In Figure 2.12, panel (a) shows the PSMC curve of the French individual (scaled with a
mutation rate of = 1.25 x 107% and a generation time of 25 years) together with the best
fitting 1ICR for the model with ¢ =5 and w = 0.2. Panel (b) shows the connectivity graphs
of the same inferred demographic scenario. We note that the connectivity pattern consisting
of a period of relatively high connectivity between roughly 500 kya and 2 Mya agrees with
previous results published in Rodriguez et al. (2018). Note that this study used a mutation
rate of 4 = 2.5 x 107® and not 1.25 x 1078, The absolute timing of events and deme sizes
are thus different (Rodriguez et al., 2021).

The full set of results related to the inference of human demographies can be found in
Figures 2.18 to 2.24, which were placed in the Supplementary Materials for the sake of brevity.
The most striking feature of this extended set of plots is the sensitivity of the fit to the value
of the weight-shifting parameter w. Smaller values allow the optimizer to distribute more of
the demographic events towards the ancient past and thus allows this region to be better
fitted by the inferred IICR. This functionality (together with being able to ignore certain
parts of the plots for the computation of the distance function) can be used to make explicit
the knowledge (or beliefs) of the researcher regarding the accuracy of the PSMC curve. We
notice that the Yoruba individual cannot be well fitted in the recent past for any value of w,
even outside of the designated period of recent population expansion.

Figure 2.13 shows in panel (a) the number of demes n and in panel (b) the reference size
N that were inferred from each of the five fitted human PSMCs. Of note here is that all
individuals except the Yoruba show a consistent value for these inferred parameters across
both number of components and value of w. The larger variance of the estimated values for
the Yoruba individual suggests that a symmetrical island model may not be enough to explain
the patterns of diversity in all five sampled human IICRs.

Figures 2.14, 2.15, and 2.16 show the results of applying our method to the IICR curves
associated with the demographic model for human expansion published by Noskova et al.
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Figure 2.14: Application of our inference method to a tree-like human demographic scenario with three
modern populations. (@) IICR plots showing the resulting 1ICR curve of the European population under
this model and the inferred IICR curve obtained with our method (where the recent period of human
expansion was ignored) for ¢ = 5 components and a weight parameter of w = 0.25. For reference
purposes, we also show the real PSMC curve of the French individual. The grey vertical lines indicate
the inferred event times in the C3PO model, and the colored vertical lines the inferred event times by
SNIF (b) Connectivity graph of the inferred scenario. For reference, we show the inferred event times in
the C3PO model as grey vertical lines.

(2019), which we will refer to as the Classical 3-Populations model—C3PO for short. The
C3PO model is a tree-like model with three modern populations that exchange gene flow
asymmetrically. It is based on the model of Gutenkunst et al. (2009) and has the same
structure but with a higher likelihood and thus can be seen as an improved model with a better
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fit to the data. The model stipulates the existence of an ancestral population that experienced
an increase in size around 275 thousand years ago (Kya), and the a splitting event at about
150 Kya. This split resulted in two populations that exchanged gene flow asymmetrically: a
large one that eventually became the modern African population, and a smaller one ancestral
to the modern Eurasian population, whatever this terminology may mean. This ancestral
lineage split about 22 Kya into the precursors of the European and Asian populations, which
at this point began an exponential increase in size that continued to present day. During
this period, all three lineages continued to exchange gene flow asymmetrically. The times for
these resize and splitting events are represented as dotted vertical gray lines in Figure 2.14.

It is clear that the nature of this model does not lend itself to be exactly modelled by a
symmetrical n-island model, but the piecewise-stationarity of our family of models should still
be able to pick up the main demographic events. For example, from an n-island perspective,
a merger or joining of two populations (going backwards in time) may be represented by an
increase in gene flow, although this effect may be confounded by the actual changes in both
the sizes of the populations and migration rates taking place during these events. Also of
note is the fact that the first merger event is not visible to our method because it marks the
start of the recent population expansion and is thus excluded from the distance computation.

As can be seen in panel (a) of Figure 2.14, these IICRs do not exhibit any major features
past the 300 Kya mark, so they do not agree with the human PSMCs of Figure 2.11 (of which
the representative ones are again shown in Figure 2.14 in dashed trace for reference), and
they also do not generate significant events in the inferred demographic histories. Particularly,
varying the value of the weight-shifting parameter w did not make a great effect in this
set of inferences (which is in contrast with the results shown in Figure 2.12). This inferred
demographic history can be roughly summarized from panel (b) as having a period of relative
high gene flow followed by a sharp decrease near the 300 Kya mark, which can be very clearly
attributed to the size increase of the ancestral population in the C3PO model.

The inferred number of demes and their relatives sizes for each population can be observed
in Figure 2.15. The numbers for the African population is in sharp contrast with the other
two populations. We can also observe that for the three populations there is more variance
(compared to the results from Figure 2.13) in the inferred values of n and N across the
different values of ¢ and w. This may indicate a weaker link to an underlying n-island model.

In general, there is little agreement between the demographic histories inferred by our
method from the PSMC data and the simulated [ICRs from the C3PO model. This is expected
because of how the two models have fundamentally incompatible structures, not only regarding
the island versus tree aspect, but also due to the size changes in the C3PO model that affect
the IICR potentially as much as gene flow does. However, we do identify the approximate
timings of the two visible demographic events when using ¢ = 5 components and the more
recent-weighted value of w = 1. These results also serve as additional validation that our
method will not return the same parameter values regardless of the source of the data. They
also suggest that the C3PO model is unlikely to be a good model to understand questions
about ancient human structure and evolution.
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Figure 2.15: Application of our inference method to a generally-accepted tree-like human demographic
scenario with three modern populations. (@) Inferred number of islands for each modern population.
(b) Inferred local size of each island. Shown here are the scenarios with 4 and 5 components ¢, and all
three values of the weight-shifting parameter w. The bars with the darker color, marked 'restricted’ in
the legend, correspond to inferences realized with the option of ignoring recent population expansion.

2.4.2. Seq-Sim validations

Figure 2.17 shows the results of the validations using seg-sim IICRs. For the three chosen
representative human populations (French, Karitiana and Yoruba), we selected the SNIF
inferences obtained with the parameter values ¢ = 5 components and w = 0.2. The selection
of these values as the preferred ones was supported by the fact that the dls,. distance
(see Figure 2.24) was best for them. For each of these inferred models we generated two
independent genomic sequences of length 3 x 10° base pairs and applied the PSMC method
to obtain two independently estimated target IICRs. These seq-sim IICRs are shown in blue
on the left panels of Figure 2.17. The connectivity graphs associated with these inferred
models are represented in the middle panels by the red curves. The corresponding inferred
values of n and N are marked as the black reference circles in the right panels of the figure.

After obtaining the seg-sim IICRs, we applied again our inference method. The goal is
to validate whether it would be able to consistently infer the same parameter values of
the demographic history regardless of the origin of the source IICR curve. To this end
we performed 10 independent inferences from each of the two target IICRs. The inferred
[ICRs are superimposed on the left panels of Figure 2.17 (transparent red curves, 20 per
population). The inferred connectivity graphs are shown in the middle panels (transparent
green curves) and the inferred values of n and N are presented in the right panels. We observe
an agreement with the previously inferred histories, which suggests that if the real history of
human evolution were close to piecewise n-island models like those used in this work, our
method would be able to infer the parameters properly, and they would be similar to those
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Figure 2.16: Application of our inference method to a tree-like human demographic scenario with three
modern populations. (@) IICR plots showing the resulting IICR curve of the European population under
this model and the inferred [ICR curve obtained with our method (where the recent period of human
expansion was ignored) for ¢ = 5 components and a weight parameter of w = 0.25. For reference
purposes, we also show the real PSMC curve of the French individual. The grey vertical lines indicate
the inferred event times in the C3PO model, and the colored vertical lines the inferred event times by
SNIF (b) Connectivity graph of the inferred scenario. For reference, we show the inferred event times in
the C3PO model as grey vertical lines.

shown in Figures 2.12 and 2.13.
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Figure 2.17: Results of the validation using Seg-sim [ICRs. The left panels show two independently
simulated seg-sim [ICRs (obtained using the demographic scenario inferred with ¢ =5 and w = 0.2 for
each of the indicated human population) alongside 10 independent inferred I1ICRs. The rest of the panels
show the connectivity graphs, number of islands, and local deme size of these seg-sim IICRs and their

corresponding inferences.
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Figure 2.18: IICRs of the inferred human scenarios.
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Figure 2.20: Connectivity graphs of the inferred human scenarios.
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Figure 2.21: Connectivity graphs of the inferred human scenarios with restricted inference range.
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