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Abstract

The delimitation of biological species, i.e., deciding which individuals belong to the
same species and whether and how many different species are represented in a data
set, is key to the conservation of biodiversity. In the presence of spatial patterns of
genetic differentiation, delimitation methods based on genetic data might overestimate
the number of species in a dataset.

This work tackles this problem in two settings. When individuals are divided
into two putative groups, methods that model the relationship between genetic and
geographic dissimilarity are used to test whether the two groups belong to the same
species. Existing approaches based on partial Mantel testing and regression on distances
are explored and new ones are proposed. A modelling challenge is connected to the
fact that dissimilarities are not independent. All methodologies are compared through
an extensive simulation study involving SLiM and GSpace, two different software
packages that can simulate spatially-explicit genetic data at an individual level. A
proposed version of the partial Mantel test that uses jackknife instead of permutations
is found to provide fairly good power while controlling for the type I error rate in all
simulated scenarios.

In a setting where no putative grouping is available, existing model-based clustering
algorithms (sNMF and TESS3) are integrated with distance-based approaches for the
estimation of the number of species in the dataset. Further considered approaches use
null models to calibrate tests for the presence of more than one species in the dataset.
In particular, a weighted null model is developed that can capture spatial patterns of
genetic differentiation. When calibrated with this null model, a test statistic proposed to
adapt the AK method to TESS3 is found to display promising type I error and power
properties on SLiM data.
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Introduction

For the delimitation of biological species, empirical data is used to determine which

groups of individual organisms constitute different populations of a single species and

which constitute different species (Rannala and Z. Yang ). Species delimitation
is crucial for the preservation of biodiversity (D. Liu ) and has applications in
several areas, such as ecology and medicine (Burbrink and Ruane ). It relies

on species conceptualization, which determines what key traits are relevant for the
identification of a species (De Queiroz , ; Hausdorf ). The empirical
data employed to delimit species can be molecular (see, e.g., Rannala and Z. Yang
( ) for a review), morphological (Gratton et al. ), behavioural (Scapini et al.

), ecological (Raxworthy et al. ; Rissler and Apodaca ). There are also
integrative approaches using different types of data (Edwards and Knowles ) and
methods (Carstens et al. ).

The use of spatial information is key for this task, as witnessed by the increase in
publications in the field of landscape genetics (Storfer et al. ), which combines pop-
ulation genetics and landscape ecology (Balkenhol et al. ). Neglecting geographic
information when delimiting species can lead to the overestimation of the genetic struc-
ture in the data (Frantz et al. ). This is more likely to happen in the presence of
spatial patterns of genetic differentiation, such as isolation by distance (IBD; Wright

): clustering methods might wrongly assign individuals to different species given
that their genetic dissimilarity increases with geographic separation (Bradburd, Coop,
and Ralph ), violating the assumption of random mating within the population.

This project deals with the delimitation of species using molecular and geographic
data in the presence of spatial patterns of genetic differentiation. Chapter 1 considers
scenarios in which individuals are divided into two (putative) groups and the goal is
to test whether they belong to the same species. Chapter 2, instead, concerns settings
where no grouping information on the individuals is available and the objective is to
clarify how many species are represented in the dataset.

A way to include spatial information in molecular species delimitation routines is
to study the relationship between genetic and geographic dissimilarity. In Chapter 1,

it is checked whether genetic discrepancies between individuals from different groups
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are compatible with the way genetic dissimilarities evolve with geographic separation
within the groups. More precisely, a grouping distance is computed that takes value 1
when two individuals belong to different putative groups and O otherwise. If genetic
dissimilaries are associated with grouping distances even after accounting for geographic
distances, this constitutes evidence that the putative groups might belong to distinct
species. Existing approaches to test this include permutation-based partial Mantel
testing (Medrano et al. ; Smouse et al. ) and regression (Hausdorf and Hennig

), and inference strategies are pursued that take into account the dependence
between dissimilarities. In Chapter 1, jackknife and bootstrap-based partial Mantel
tests are introduced, together with an extension to the linear mixed model by Clarke
et al. ( ). A multiple linear regression that assumes dissimilarities to be independent
is also examined. All these methodologies are systematically compared in terms of
type I error and power through a broad simulation study involving two recent spatially
explicit genetic simulators, SLiM (Haller and Messer ) and GSpace (Virgoulay
et al. ). These are used to generate datasets with one or more species displaying
various patterns of isolation by distance. The performance of the methods is assessed in
relation with several factors, such as the assumption of linearity, the way dependence is
accounted for and the relative sizes of the putative groups.

In Chapter 2, approaches to estimate the number of species in the dataset are con-
sidered that take into account the presence of spatial patterns of genetic differentiation.
First, two strategies are proposed in which existing model-based clustering algorithms
are integrated with methods based on the relationship between genetic and geographic
distance. In one of them, groups identified by sSNMF (Frichot, Mathieu, et al. ) are
iteratively tested for merging using the techniques from Chapter 1. The other strategy
revolves around TESS3 (Caye et al. ), which instead takes both geographic and
genetic information into account when clustering individuals. Its output is used to fit
a regression on dissimilarities developed to help estimate the number of species in
the dataset. In the second part of Chapter 2, null models are conceived that attempt
to reproduce all features of the observed data that cannot be interpreted as clustering
information. This is done in order to construct tests that detect the presence of more
than one species in the dataset, but also to calibrate an adaptation of the AK statistic
by Evanno et al. ( ), which allows to estimate the number of species. All these
approaches are evaluated through extensive SLiM simulations containing from 1 to 6
species.

The methodologies presented here can thus integrate delimitation studies based on
other data sources, such as morphological or behavioural information. Moreover, the
investigation of the relationship between dissimilarities may be relevant also for other

applications.



Chapter 1
Approaches with known groups

Species delimitation is of paramount importance in systematics and has practical im-
plications for conservation and management (e.g., Pedraza-Marrén et al. ). In the
attempt to delimit species using genetic and geographic data, the presence of spatial
patterns of genetic differentiation can be confounding (Bradburd, Coop, and Ralph

; Frantz et al. ). That is, it can be hard to assess whether the genetic differ-
ences displayed by two populations inhabiting separate areas are consistent with species
distinctness or can be explained by geographic separation (Hausdorf and Hennig ).
To tackle this issue, species delimitation routines have to control for the presence of
spatial patterns of genetic differentiation.

A way to do this is to study the relationship between genetic and geographic
dissimilarities. Consider a setup with two putative groups of individuals to be tested for
cospecificity. Inference is based on checking whether the relationship between genetic
and geographic dissimilarity differs between pairs of individuals in the same group
and pairs in different groups. Each of the three panels in Figure 1.1 shows genetic
and geographic dissimilarities of two groups for which a test for conspecificity is of
interest (see section 1.6.1 for details). Distances within the two groups are black circles
and red triangles, distances between the groups are green diamonds. The plots show
some (albeit weak) tendency that larger genetic distance comes with larger geographic
distance, also within groups. In the first plot, genetic (“shared allele”) distances between
groups seem slightly higher on average than genetic distances within groups, but also
the geographic distances tend to be higher, and just from looking at the data it is not
clear cut whether larger genetic distances between groups can be explained by the
geographic distances only (in which case there is no reason to consider the two groups
as different species), even less so in the second plot. In the third plot, it is clear that
genetic distances between groups are much larger than they could be expected to be in

case the two groups belonged to the same species.
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Fig. 1.1 Log-transformed geodesic distances vs. shared allele distances for three pairs of groups
from the brassy ringlets data (left side E. Cassioides central + S. Apennines vs. Orobian + E.
Alps; middle E. Cassioides W. Alps, Pyrenees + N. Apennines vs. central + S. Apennines; right
side E. Tyndarus vs. E. Cassioides), see Section 1.6.1, for which conspecificity is of interest.
The black circles (first group) and red triangles (second group) show distances between pairs of
individuals belonging to the same group. The green diamonds show the distances between two
individuals belonging to different groups.

The impact of grouping on the genetic dissimilarity can be quantified controlling
for the effect of geographic distance. Medrano et al. ( ) used a permutation-
based partial Mantel test (PMT; Smouse et al. ) to assess the significance of
the partial correlation coefficient between genetic and grouping dissimilarities given
the geographic distance, where the grouping dissimilarity is defined as O if a pair
of individuals is in the same group and 1 otherwise. Hausdorf and Hennig ( )
suggested to jackknife test for whether a regression fitted on the within-group distances
can also explain the between-groups distances. Clarke et al. ( ) employed individual
random effects in order to model the dependence between dissimilarities belonging to
the same individual. This approach is here adapted to the species delimitation problem
by testing for an effect of the grouping dissimilarity. As further new approaches,
alternative versions of the partial Mantel test that use jackknife or bootstrap instead of
permutations are considered. All these techniques take into account the dependence
between dissimilarities involving the same individual. For exploring how much of a
difference taking into account the dependence between dissimilarities actually makes,
we also consider a multiple regression with genetic dissimilarities as response and
geographic and grouping dissimilarities as explanatory variables. A similar model was

used by Spriggs et al. ( ) to integrate a rich molecular species delimitation analysis.
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Fig. 1.2 The conspecificity tests treated here are computed on genetic and geographic dissimi-
larities assuming models for general dissimilarities (i.e., not taking into account how exactly
the dissimilarities came about). The dissimilarities are computed from the originally observed
spatially explicit genetic data, which in this study are simulated from generative genetic models.

In this chapter, type I error rate and power of the aforementioned methods are
systematically compared based on data from two distinct spatially-explicit genetic
simulators, GSpace (Virgoulay et al. ) and SLiM (Haller and Messer ).

A distinctive feature of this analysis is that the genetic dissimilarities on which
inference is based are much simpler than the data from which they are computed, see
Section 1.2. GSpace and SLiM provide sophisticated models for the genetic data, but
the inference does not use such models. Instead it is based on much simpler models
for the dissimilarities without taking into account how these were computed from the
original genetic data, see Figure 1.2. Here we confront such inference with the more
complex genetic models for exploring its statistical characteristics. Methods and results
may be relevant also for other problems where regression between dissimilarities is
of interest. In this regard, note that also in other fields dissimilarities are used in a
regression framework, but usually they are employed as covariates and not as response
variables, or viceversa (e.g., Vera ).

The species concept in biology is somewhat controversial (Hausdorf ) and there
is biological differentiation between populations at different levels: there are species
that are more or less closely related, and there is differentiation also below the species
level - see, e.g., De Queiroz ( ). Because of this, any result of the treated tests
should not be taken as conclusive regarding conspecificity. The aim is just to formalize
a key aspect of the information in the data.

This chapter is organized as follows. Section 1.1 provides and overview on research
problems concerning species delimitation and the study of the relationship between
measures of genetic relatedness and geographic separation. Some key definitions are
provided, and the contribution of this work is positioned in the literature. The data and
the distances employed in this project are introduced in section 1.2, while dissimilarity-
based methods are discussed in section 1.3. In section 1.4, type I error and power

properties of these methods are compared through a broad simulation study based on



Approaches with known groups

data from SLiM and GSpace. The analysis of the relationship between genetic and
geographic distances poses modelling issues related to the assumption of linearity and
to dependence. These are discussed in section 1.5, where the three strategies to assess
significance in partial Mantel tests, permutations, jackknife and bootstrap, are further
compared. Section 1.6 contains an application on real data, while section 1.7 digresses
on some probabilistic properties of the genetic distance employed in this work, the

shared allele distance.

1.1 Literature review

Species are one of the fundamental units of biology (Hausdorf ). However, they
exist at a higher level of organization than the humans observing them. This makes it
hard for humans to perceive entire species by simply looking at them, as they do with
genes and cells, “which is why biologists have symposia devoted to the topic of species
delimitation” (De Queiroz ). Species delimitation consists in determining from
empirical data which groups of individual organisms constitute different populations
of a single species and which constitute different species (Rannala and Z. Yang ).
This differs from species conceptualization, which concerns species definitions and
clarifies the properties on which these definitions are based. There exist various species
concepts (see, e.g., De Queiroz ): for instance, “the biological species concept
defines a species taxon as a group of organisms that can successfully interbreed and
produce fertile offspring” (Ereshefsky ). Some of these concepts can be partially
incompatible: De Queiroz ( ) proposed a unified species concept, according to
which a species is defined as a separately evolving metapopulation lineage. In his
view, all other species concepts become secondary properties, operational criteria
that serve the species delimitation task. The more criteria suggest that two candidate
species should be considered distinct, the stronger the indication of lineage separation.
When no criterion supports distinctness, there should be agreement about conspecificity.
Therefore, once this reconciliation is adopted, disagreement about species delimitation
results will not be based on the conceptualization of the species, but rather on incomplete
lineage separation (some criteria support conspecificity and some do not), on the
relevance of the available data and on the reliability of the methodologies used to infer
species membership. Consistently with this framework, the techniques treated in this
work only attempt to formalize one aspect of species distinctness, and are not deemed
to be sufficient to delimit species in themselves.

Burbrink and Ruane ( ) maintain that “researchers are far from agreeing upon
a set of criteria to delimit species”. The task gets thornier when lineage separation is
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incomplete, as no single framework has been proposed to model speciation using the
six major parameters in evolutionary biology, namely mutation, genetic drift, selection,
migration, recombination and population demography. When two candidate species lie
in the gray zone of speciation, gene flow, isolation by distance, introgression and other
factors can make the species delimitation task complicated. Integration of genetic data
with all available data types, especially geographical information, is advised to tackle
these difficulties.

Waits and Storfer ( ) review several definitions that are central to this work.
Molecular species delimitation is based on the information extracted from the DNA:
by comparing the DNA sequences at the same location (called locus) in the genome of
two individuals, the genetic variation between them is quantified. The variants of the
genes residing at a particular locus are called alleles, and loci containing two alleles
are called diploid. Loci are said to be adaptive when they are affected by selection,
which modifies allele frequencies according to what is genetically favorable in a specific
environmental condition. Neutral loci, instead, are influenced mainly by gene flow and
drift. Gene flow is the result of individuals dispersing and reproducing, whereas “genetic
drift is the change in allele frequencies due to random sampling effects as alleles are
passed on from one generation to the next” (Waits and Storfer ). In order to obtain
genetic data from nuclear DNA, there exist a co-dominant and a dominant approach.
Dominant loci methods, such as amplified fragment length polymorphism (AFLP), do
not allow to identify both alleles in a diploid locus, so they yield presence-absence data.
Co-dominant ones, instead, return genotypes where both alleles are visible: examples
are microsatellites and single-nucleotide polymorphisms (SNPs). All these methods
translate in different costs of acquisition, proportions of surveyed genome, genetic
variability and thus suitability to answer specific biological questions. Lastly, a critical
distinction is that between genetic data analyses based on individuals, e.g. single
animals or plants, and those based on populations, i.e., communities of individuals
found at the same geographic location.

This work focuses on individual-level analyses of neutral co-dominant loci. The
interest is in genetic structure, namely in the distribution of the genetic variation among
individuals. Populations from a species are said to be panmictic when mating is
completely random and all genetic combinations are equally likely. In these populations
there is virtually infinite gene flow and thus they display no genetic structure. Panmictic
populations represent an ideal benchmark, as several factors - such as geographic
isolation - can be expected to impede random mating. Genetic structure is quantified by
means of genetic dissimilarities. Reviews and comparative studies on these measures

- some of which are mentioned below - can be found, e.g., in Meirmans and Hedrick
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( ), Whitlock ( ), P. Legendre and L. Legendre ( , ch. 7), Shirk et al. ( )
and Sentinella et al. ( ).

Among the various sources of information that can help in the species delimitation
task, geography is one of the most studied. Indeed, in the analysis of genetic data, it is
key to account for its spatial structure (e.g., Battey et al. ): an example is positive
spatial autocorrelation, i.e., when nearby individuals are more genetically similar than
distant ones (P. Legendre and L. Legendre , ch. 1). Here lies the focus of land-
scape genetics, a discipline that combines population genetics and landscape ecology
(Balkenhol et al. ). Various approaches to account for spatial structure in landscape
genetics are reviewed in Wagner and Fortin ( ). One of these is link-level analysis,
in which the genetic structure is quantified by means of dissimilarity measures and their
association with geographic dissimilarities is investigated. Techniques explored in this
project work with genetic and geographic dissimilarities.

The umbrella term “landscape distance” (Shirk et al. ) refers to the various ways
to quantify the geographic dissimilarity between two locations. Several options exist,
each associated with a specific construct on how genetic structure varies geographically.
The simplest theory on this is isolation by distance (IBD; Ishida ; Wright ),
according to which genetic dissimilarity is positively related to Euclidean (or geodesic)
distance. IBD assumes movement to happen in straight lines, which of course can
be limiting in some setups. This is why some authors maintain that IBD should be
considered a null model against which to test for more realistic hypotheses (MacDonald
et al. ), such as isolation by resistance (IBR; McRae ). IBR attempts to more
explicitly take into account the landscape features when evaluating the resistance to
gene flow between two locations on the map. Maps become resistance surfaces and
there exist two approaches to translate these into landscape distances: the least-cost
path approach (Adriaensen et al. ) assumes that individuals are able to optimize
and tend to move along the path that minimizes the resistance, whereas the circuit-based
framework (McRae et al. ) tries to aggregate all possible pathways connecting
two locations. More recently, least-cost transect analysis was proposed by Van Strien,
Keller, and Holderegger ( ). See also Cayuela et al. ( ) on this. Isolation
by environment (IBE; Wang and Bradburd ) has more to do with selection and
adaptive loci than with gene flow and neutral ones: it prescribes that species will display
larger genetic divergence the more their habitats differ, independently of geographic
separation. This work will focus on isolation by distance: Euclidean distance will be
used in simulations, while geodesic distance will be used in real data analysis. However,
in principle the techniques discussed here are compatible with any landscape distance.

The relationship between genetic and geographic dissimilarities has been studied

for decades. In his ecological conception of IBD, Wright ( ) investigated how local
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genetic differentiation decreases as the number of individuals whose gametes may come
together (the neighborhood size) grows. Based on this, Malécot’s genetic version of IBD
studied the connection between migration and geographic distance, maintaining that
“genetic relatedness of individuals decreases as the distance between them increases”
(Ishida ). In these studies, typically a specific migration model was assumed,
such as the island model or the stepping stone model (Kimura and Weiss ). The
former assumes that “there is a mainland of infinite size exchanging migrants with
an island of finite size”. In the latter, migration only occurs among nearest neighbor
populations (Waits and Storfer ). The goal of these models was to go beyond
the starting simplistic Hardy-Weinberg assumption (see, e.g., Hedrick , ch. 2)
and to quantify evolutionary processes, such as dispersal, gene flow and random drift.
Building on Malécot’s remarks (Kimura ), Kimura and Weiss ( ) showed that
the correlation of gene frequencies decreases exponentially with geographic distance
when a one-dimensional setup (e.g. a river, coastal line or mountain ridge) is considered
and that the decrease becomes faster as the dimensionality grows. Nei ( ) introduced
a measure of genetic distance, D, based on the identity of genes between populations and
found it to be linearly related to distance in a one-dimensional stepping-stone model, but
non-linearly related with it in a two-dimensional stepping-stone model. Under the same
models, Slatkin ( ) found empirical evidence that the logarithm of F;; (Weir and
Cockerham ; Wright ) and the logarithm of the geographic distance display
an approximately linear relationship. Nei ( ) also proposed Gy, an extension of Fy,
that accounts for the presence of more than two alleles at a given locus. Rousset ( )
showed that the ratio 15—3,’7“ displays a linear relationship with geographic distance in
one-dimensional setups and a log-linear relationship in two-dimensional ones.

All these dissimilarity measures refer to population-level analyses. Starting from the
90s, many individual-based genetic dissimilarity measures were introduced. Bowcock
et al. ( ) proposed a measure based on the proportion of shared alleles, which
will be used in this study. With the aim of examining fine-scale genetic structure in
plant populations, Loiselle et al. ( ) introduced an estimator of coancestry based
on the correlation of the frequencies of homologous alleles at a given locus of two
individuals. Rousset ( ) extended his ideas for F; to an individual-based analogue,
the a coefficient. Vekemans and Hardy ( ) proposed the “Sp” statistic, which - at a
given spatial scale, with dispersal-drift equilibrium and excluding selection pressures -
is deemed to correctly estimate the neighborhood size. The same estimation was also
the goal of Watts et al. ( ), who developed the é estimator starting from the proposal
by Loiselle et al. ( ). Kinship, relatedness and fraternity coefficients were studied
at the individual level, too (see the user manual to the SPAGeDi software (Hardy and

Vekemans ) for a review). Also Rousset’s d and kinship coefficients were found to
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display an approximately linear relationship with log-transformed geographic distances
in two-dimensional setups, at least within some distance ranges.

Albeit not exhaustive, this review shows how most of these studies on the relation-
ship between genetic relatedness and geographic separation focused on the validation of
migration models or the estimation of demographic parameters. Main issues included
how to efficiently measure genetic relatedness, which transformations to apply and
whether the resulting relationship was linear or not. More recently, the focus of some
studies was rather on the choice of the landscape distance, and the goal was to clarify
what environmental factors were best at explaining the genetic structure in a species
(Jaquiéry et al. ; MacDonald et al. ; Peterman and N. S. Pope ). The
impact of these environmental factors was often measured controlling for the geographic
(e.g., Euclidean) distance.

The general idea in this project is that grouping information can be treated as an
environmental factor and its impact on genetic structure can be assessed controlling for
geographic separation. As an example, two putative groups might be identified on the
basis of morphological traits (Gratton et al. ). A grouping distance can then be
defined that takes value 1 if two individuals come from different groups and O otherwise.
If genetic distances are positively associated with this grouping distance even after
accounting for the geographic distance - thus for patterns like isolation by distance -
this supports the delimitation of the two groups. Instead, if no significant association is
spotted, this means that any genetic structure spotted between the putative groups is
compatible with what IBD can predict. As explained above, this kind of analysis only
operationalizes one aspect of the heterogeneity in the data and does not suffice to decide
about species distinctness. Species delimitation considerations may follow once other
operational criteria are explored for the putative groups considered (De Queiroz ).

Fairly recent species delimitation studies where tests of this kind were carried out
are Medrano et al. ( ), Spriggs et al. ( ) and Hausdorf and Hennig ( ). The
methodologies in these papers will be explored in this work, and new ones will be
introduced. When delimiting species, neglecting geographic information can lead to
the overestimation of the genetic structure in the data (Frantz et al. ). That is, in
the presence of IBD patterns, geographically separate groups might display genetic
differences that may be wrongly interpreted as species distinctness. By controlling for
geographic separation when assessing the explanatory power of grouping information,
the techniques discussed in this work attempt to tackle this issue, ensuring more reliable

species delimitation results.
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1.2 Data

Spatially explicit genetic data consists of individuals carrying information about their
location and genetic make-up. In this chapter, methods will be applied on n individuals
from two groups, with known membership. Hence, two columns in our data-frame will
correspond to the unit’s coordinates (northings and eastings, latitude and longitude, etc.),
one column will report the group labels (either group 1 or 2) and the other P columns
will be loci. Individual-level co-dominant data, such as SNPs or microsatellites, with
diploid genotypes will be considered (Waits and Storfer ): this means that each
locus will contain two alleles. Following Hausdorf and Hennig ( ), we represent
alleles by single characters although elsewhere in the literature more elaborate coding is
used (see, e.g., Rousset ). The resulting n x (P + 3) data frame will be denoted by

o\ (a) W g
1 .
. A R 2
Z = . = . ,
. : : S :
" ng) Zgly) [ A zP
where each observed locus Zf’ , p=1,...,P, is a set of characters, like {A,B} for

heterozygous loci (“BA”) or { B} for homozygous ones (“BB”); also note that alleles are
arranged in lexicographical order in the sets because a meaningful order is not normally
observable. Each z; is a 1 x (P +3) vector representing the i individual.

In this study, the Euclidean distance will be employed as geographic distance

2 2
d(2;,2)) = \/<z§x) —) 4 (=) (L.1)
As genetic dissimilarity (subscript y), the shared allele dissimilarity (Bowcock et al.

) will be used:

(subscript x):

1

P
dy(Zi,Zj) =1- 2P El

zfmzf‘- [1+1<|z§’|+|z§’|:2)], (12)

where 1 (condition) = 1 if the condition is true and zero otherwise. In real data occa-
sionally there is missing data (missing loci). In this case d, just averages over the loci
that are non-missing in both z; and z;. If there are no missing values, the shared allele
dissimilarity is actually a distance (see Appendix B), but missing values can cause a
violation of the triangle inequality. In this study, this dissimilarity was computed with
functions from the R package prabclus (Hausdorf and Hennig ). It is easy to see

that, the larger P, the finer is the quantification of the genetic dissimilarity between
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two species, as more sites are available for the comparison of two individuals’ genetic
information. Some statistical properties of the shared allele distance are discussed in
section 1.7.

The grouping distance is dg(2;,2;) = 1(z{ # z5). For instance, given the toy data

frame
&) ) 1 {4} (B} {Ac}
Z2=|" & 1 {aB} {AB} {B.C}|.
& ) 2 {or 4 {o
we get:

dy(z1,20) = 5 dy(21,23) =2 dy(22,23) = 3
dg(21,22) =0 do(21,23) =1 dg(22,23) =1

Let ng = |{i : zf = g}| be the number of individuals belonging to group g = 1,2.
These represent the two candidate (or putative) species to be tested for conspecificity.
In practice, this grouping information may be based on, say, morphological (Gratton
et al. ), ecological (Raxworthy et al. ; Rissler and Apodaca ), behavioural
(Scapini et al. ) grounds or can simply represent the researcher’s hypothesis. The
number of geographic distances in the dataset amounts to:

1 1 1

—(ni+m)n+nm—1)==-nn—1)+=-mmn—1)+ mn

5 (m 2)(ny +ny )21(1 222(2 z ny
— . between groups
within group 1 within group 2

to be stored in the following n x n block matrix, with n = ny + ny,

D!' | D2
o (212

0 dx(Zl,Zz) dx(zlaznl) dx(zlazanl) dX(Zlvzn1+n2)
dx(zbzl) 0 dx(ZQ,an) dx(z2vzn|+l) dx(z27zn1+n2)
- dx(znnzl) dx(zn17z2) 0 dx(znlaznl-H) dx(zn|aznl+n2) P
dx(ZnIJrlyZl) dx(zn1+1712) dx(zn1+lvzn1) 0 dx(an,Zn]+n2)
dx(zn1+l’l27zl) dx(zn1+n2712) dx(znlJrnz:an) dx(zn1+nzyzn]+l) 0

where matrix D! stores the distances among the observations belonging to group 1, D22
those within group 2 and D12 = (D2!1)T those among individuals of different groups. D,
carries redundant information: it is sufficient to work with the lower triangular matrix
{d(2,,2.) }r>c. Analogously, the n x n block matrices Dy, and Dy store the genetic and

grouping dissimilarities.
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In the literature, a logarithmic transformation of the geographic distances is some-
times applied to achieve a more linear relationship between genetic and geographic
distances, as done for example in Rousset ( ), Vekemans and Hardy ( ) and
Hausdorf and Hennig ( ). Zero geographical distances can occur if two individuals
are observed in the same location. Therefore, based on Hausdorf and Hennig ( ),
the following transformation is considered:

f(d(z,,2.)) = In(dy(2,,2.) + F, 1 (0.25)), (1.3)
where

F Y q) = inf{d:F(d)>q}, with
Fld) = % Y 1(d(zz) < d)

c<r<n

being the empirical cumulative distribution function of all geographic distances in
the dataset, and w = n(n — 1) /2. Both untransformed and log-transformed D, will be
considered in this work. In order to keep notation light, all methods will be described
using untransformed geographic distances.

Although the shared allele distance and the Euclidean (or geodesic) distance are
used in this project, the discussed methods are based on models for dissimilarities that
do not rely on these specific dissimilarities. The methods can therefore also be applied

to other dissimilarities.

1.3 Methods

The methodologies presented in this chapter leverage the information on the relation-
ship between the distances in D, and D, with the aim of confirming or falsifying a
conspecificity presumption encoded in D,. In the presence of isolation by distance
behaviour (positive association between genetic and Euclidean distance), two groups
of individuals belonging to the same species might display a certain degree of genetic
structure that is explained by their geographic separation. If the genetic dissimilarities
are too large to be compatible with the geographic separation between the two groups,
this will constitute evidence for lineage separation, i.e., for distinctness. As Hausdorf
and Hennig ( ) write, “it is often difficult to assess whether observed differences
between allopatric metapopulations would be sufficient to prevent the fusion of these

metapopulations upon contact.” In these situations, non-spatial models (to whom the
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putative grouping is often ascribed in practical applications) may be biased and IBD
patterns should be taken into account (Meirmans ).

The computation of dissimilarities implies information loss: the complex biological
mechanisms (e.g., dispersal, see Cayuela et al. ) that act on the allele frequencies
of the two investigated putative species have an indirect effect on the relationship
between genetic and geographic dissimilarities, which can be non-linear (Hutchison
and Templeton ). The methods discussed here do not attempt to model such
evolutionary processes, but rather work at the dissimilarity level, where the information
from the P loci is summarized. The conspecificity null hypothesis is operationalised by
these methods as having the same trend in the relation between genetic and geographic
dissimilarities within groups and between groups. For the alternative hypothesis, genetic
dissimilarities would be expected to be larger between groups than within groups
when adjusted for geographic distances. The methods are based on linear regression
and correlation, i.e., they assume linearity. Note however that it can normally be
expected with enough data that a zero correlation or regression slope can also be
rejected if the relation is nonlinear but monotonic. Therefore the methods can be used
also to detect nonlinear monotonic deviations from the null hypothesis. Incidentally,
for Euclidean data, Székely et al. ( ) even show that independence is equivalent
to a “distance correlation”, closely related to what is considered here, being zero.
Furthermore, the methods treated here do not require the triangle inequality, and
monotonic transformations of dissimilarities can also be used.

In the following, the statistical methods involved in this comparative study are
described.

1.3.1 Regression on dissimilarities with jackknife testing

Hausdorf and Hennig ( ) propose to regress the genetic dissimilarities on the
log-transformed geographic distances trying to clarify whether the genetic structure
found between the two candidate species can be compatible with their IBD behaviour.
To this end, a regression line based on the within-group dissimilarities (red and black
observations in Figure 1.1) is compared with a regression line based on all dissimilarities.
The null hypothesis of conspecificity is rejected if the between-groups dissimilarities
(green in Figure 1.1) are systematically too large compared to what would be expected
from the regression computed on the within-group dissimilarities. Dependence between
dissimilarities is taken into account by running the test using a jackknife scheme that
treats the individuals rather than the dissimilarities as observational units.

This approach is complicated by the fact that the test just mentioned relies on a

single regression line being appropriate for the within-group dissimilarities in both
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groups. Hausdorf and Hennig ( ) propose a test protocol where it is first tested
whether this is the case (Hpp). Then, depending on the result, either a null hypothesis of
a joint regression for all dissimilarities is tested (Hp, corresponding to conspecificity),
or, in case that Hy is rejected, it is tested whether the between-groups distances are in
line with at least one of the group-wise regressions of the within-group dissimilarities
(Hops; in case that this is rejected, it is taken as evidence against conspecificity, whereas
non-rejection is an ambiguous result that would need closer biological investigation).
To begin, let us define the sets of all index pairs referring to within-group and

between-group dissimilarities, respectively:
W:{r,c§n|c<r§n1\/n1 <c<r}, B:{r,c§n|r>n1/\c§n1}.

The first of the three tests focuses on the relationship between genetic and geographic
dissimilarities within the two groups, assuming the following linear relationship:

(zr,2.)  withe <r<m

. 1.4
(Zr,2Z.) withn; <c<r (14)

d (Z ) _ ay +b1{dx(zrazc> _szW
e a2+b2{dx(zrazc> - xW

ai, by, ap and by are estimated via least squares, and

-w 1

dx = W m;wdx(zhzc)
is the mean within-group geographic distance taken over both candidate species. The
errors e in (1.4) are assumed to have zero mean, but not to be independent. Only
the genetic random variation of individuals is assumed to be independent (which is a
limitation with respect to population-level studies), but not dissimilarities involving the
same individual.

The first test tests Hyy : a; = ap and by = by. It is tested against the two-sided
alternative that a; —ay # 0 or by — by # 0. Both of these are tested and combined using
Bonferroni, i.e., multiplying the minimum of the two p-values by 2.

In order to deal with the dependence between dissimilarities, Hausdorf and Hennig
( ) use non-parametric jackknife (already suggested by Clarke et al. ( )) to
obtain a measure of the variability of the estimates. Jackknifing (Efron and Tibshirani

, ch. 11) here consists in computing as many OLS estimates as the number of
individuals involved in a given regression model (e.g., n; for group 1) by fitting it on the
n; datasets obtained by removing one individual at a time. In this particular setup, the

removal of one individual implies the removal of all the dissimilarities related to it, so
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each jackknife replicate of the OLS estimates for group 1 is based on (n; —1)(n; —2)/2
data points instead of ny(n; —1)/2.

In jackknifing, so-called pseudovalues u;, 1 =1,...,n for a statistic U computed on
data X with n observations are computed as u; = nU (X) — (n — 1)U (X;) where X;)
has the i/ observation left out. The variability of the difference between parameter
estimates is quantified by pooling the within-group jackknife estimates of standard
error (Efron and Tibshirani , ch. 11) in order to run a Welch’s t-test (Welch

). Jackknife testing is a heuristic idea that has a theoretical justification in specific
situations (Shao and Tu ), of which the assumptions are not fulfilled here. Therefore,
its characteristics have to be explored experimentally in all but the simplest situations,
as is done in this study. It is applied here to both the difference between intercepts
and to the difference between slopes of the two within-group regressions, where the

null hypothesis for Welch’s t-test is that the expected difference is zero. We write, for

r,c# I

i ) al(,-)+b1(i){dx(z,,zc)—JxW}—I—e(zr,zc) withe < r <m fori=1,...,n

Zy,2c)= 7 :

Y ‘ az(,-)—l—bz(l-){dx(zr,zc)—de}+e(zr,zc) withny <c<r fori=n;+1,...,n
(1.5)

In (1.5), n; + ny regressions are defined, from which jackknife replicates of the
coefficients are obtained via OLS. As explained above, pseudovalues d;"(l.) and lA):V(i) are
then computed for group 1 and pseudovalues &;f(i) and lA)g'(i) are obtained for group 2,
using OLS estimates of the coefficients in (1.4). Average pseudovalues and jackknife
estimates of the standard errors will be used to construct the test statistic. For instance,

the standard error estimate for the intercept coefficient in the first group is

1 <

seqy = Y — )3 (‘% _“Y/) )

l’ll(l’ll i—1

_ 1 W A A
where a1 = Zl | 1 1s the average pseudovalue and ay () =din — (np — l)al(i) is

the i’ pseudovalue, w1th i =1,...,ny. Similarly, the other average pseudovalues dgl ,

2
b| b,

The p-value for Hp is then computed as the minimum between 1 and

bl” and bw and standard error estimates sezw, se?, and se?, are obtained.

vy A
’“12 a |2 2P |1y, > |b1 bz‘

> > ,  (1.6)
sey +sey sety +sevy
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2-min | 2-P vy >
by b
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where t, is a Student-t random variable with v degrees of freedom and the Welch—Satterthwaite

formula prescribes

2
2 2
se’y + se .,,)
< bl b2

If Hp is not rejected, a unique regression is fitted on all the within-group dissimilar-
ities, regardless of the membership, because the IBD behaviour of the two candidate
species looks compatible. In this situation, hypothesis Hy, is tested. The following
ordinary least squares model is fitted:

dy(2,,2¢) = @y + bo(de(2,,2.) — dy" ) + ez, 2¢) (1.7)

where E(e(z,,z.)) = 0 and r,c € W. This fit will be compared with the following model,
which is based on all the dissimilarities in the dataset (within and between-group),

regardless of the grouping:
dy(2,,2.) = a+b(d(z,,2.) —d." ) + e(z,,2.) (1.8)

where ¢ < r < n and E(e(z,z.)) = 0. Define a’ = ﬁZmeBdX(zr,zc), the average
between-group geographical distance. Hy, : a = a* and b = b* is then tested against
the one-sided alternative

a+b(d" —d.") > a,+b.(d" —d."), (1.9)
i.e., genetic dissimilarities predicted at a?xB by all dissimilarities combined are systemat-
ically larger than predicted by within-group dissimilarities only. The statistic on which

jackknife testing is based is

a+b(d,”—d")—a. —b.(d"—a"), (1.10)

where 4, l;, d, and bA* are the corresponding OLS estimates.
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For r,c # i, the following batch of regression models is fitted:

o)+ bugi)(dx(zrze) = i) +e(zyze) withr,e € W

- W ) fori=1,...,n.
(l(i) +b(l) (dy(zrazc) - dx ) +e(zr,zc) Wlthr >c

dy(z,,z.) = {
(1.11)

A

In (1.11), 2n regression models are fitted and n replicates of a,(;), b;(i), agy and b;) are
v v

o> biis d;’/ and l;lw are obtained, fori = 1,...,n, and used to

generated. Pseudovalues d
compute n jackknife pseudovalues for (1.10):
A A N2 4
T =al —ali+ (bY —bY)(d —d.")

; fori=1,...,n.

The jackknife estimate of the standard error of (1.10) is then

_ 1 - U 2L AV
SeTZV/ - \/m Z(TZI' _TZ ) s

i=1

where Tz"’ - % ", Tzli.’. Hyy is thus tested, with p-value equal to P <tn1 > seTiWw) .

If Hy; is rejected, the IBD behaviour of the two candidate species cannozt be de-
scribed by a unique model and model (1.4) is adopted. In this situation the compat-
ibility of IBD behaviour and genetic structure is checked for each group separately.
Hos : ag = a, and by = by, for at least one of g = 1,2 is tested, where ag, b, refer to
regressions based on dissimilarities within group g only, and ag, b, refer to regressions

based on all dissimilarities involving a member of group g. We define:

B :BU{r,c\c<r§n1}

BZ:BU{r,c|n1 <c<r}
2

7 (1)

dy ' = —— dy(2y, 2,
nl(nl — 1) c<;n1 ( )

JX(Z) — # Z dx(zrazc)

m(np—1), =,

where Jx(l) and Jx(z) are the average within-group geographic dissimilarities for group
1 and 2, respectively. Bj is the set of index pairs referring to either between-group
dissimilarities or dissimilarities within group 1. B; analogously for group 2. Based on
these two partially overlapping sets, the following linear models are fitted:

aj +bi(dy(zr,2.) —Jx(l))—i—e(zr,zc) withr,c € B;

1 "0 ! (1.12)

dy(Zh ZC) = {
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where E(e(z,,2z.)) = 0. For each group, model (1.4) and (1.12) are compared and,
similarly to the previous test, the comparison is based on their prediction at JXB. So,

Hys is tested against the alternative:

@+ b5(d" —d\) > ag+by(d” - d.Y)

and the test rejects if the maximum of the p-values for the two tests regarding groups
g =1,2is too small.

Let us here focus on the test based on the set By for brevity: the one based on set B;
will be easily reproducible for symmetry. From (1.4) and (1.12), OLS estimates d, by,

aj and 13’1‘ are obtained. The goal is to come up with a measure of uncertainty for
Ty =ai—di+ (b - 1) (4 - a'"). (1.13)

When excluding the elements in By, some jackknife iterations will impact only the
estimates of 4} and lAff (when an individual from the second group is dropped) whereas
all the other iterations will impact also ¢ and b; (when an individual from group 1 is
dropped). To handle this with the notation, let us clarify that a;;) = a; and 131(,-) = b
if i=ny+1,...,n; +ny: there is no jackknife replicate of the intercept and slope
estimates if the individual that is excluded in the iteration does not belong to the first
group, so the original estimates are considered. In order to get n jackknife replicates of

(1.13), we fit the following batch of linear regressions:

dy(zr,2.) :af(i)—l—bik(i) (dx(zr,zc) —Jx(l)) +e(z,,2,) withr,c€BiArc#i i=1,...

(1.14)
The n replicates a} (0) and bT(i) from (1.14), together with the n; replicates obtained
in (1.5) and the full-sample estimates ¢ and by, allow us to compute the n jackknife

replicates of (1.13) as follows:
Taiin = &5 — o b b d_B—J(I) 1.15
31() = A1) —di16) T\ b1y — b1y ) (e —dx 7 ) (1.15)
We are now able to compute the n pseudovalues
T3y1/(i) =nT31— (n—1)T31, (1.16)

whose mean will constitute the numerator of the test statistic. Note how we first
computed jackknife replicates of the test statistic and afterwards obtained pseudovalues
with the usual formula, whereas, when testing Hy;, we first attained pseudovalues of

the intercept and slopes estimates and used them to directly get pseudovalues of the
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test statistic. These two ways of obtaining pseudovalues are equivalent; in the same
spirit, one can also compute the jackknife estimate of the standard error using jackknife
replicates instead of pseudovalues, taking care of the multiplying factor (Efron and
Tibshirani ,ch. 11).

The computation of the standard error estimate here presents one additional step
with respect to the procedure for testing Hy,, because of the unequal impact that the
removal of the individuals has on the values in (1.15): wheni = 1,...,n, both pairs of
estimates are modified, whereas, when the individual belongs to the second group, only
the estimates in (1.14) are updated. To take this into account, we pool the variance of
the pseudovalues generated in the first scenario with the variance of those generated
under the second scenario:

V311 = 2 ) . —T)?
L= I 1( 31(i) 31.1)
1 i (T‘” v )2
32 = 31 312/ >
np—1, ol (@)
where T. 31 | = 1 N o T* and T3V1/2 = nlz Yim1 L (l.). The jackknife estimate of the

standard error is then.
> mV3+mVaio
ser, = .

n2

The computation of the degrees of freedom relies again on the Welch-Satterthwaite

approximation:
4
v — S
317 1 miVaiay2 1 (mV3iny2°
n]fl( n ) +n271( n )

The p-value is then computed as [P (tv;ﬁ > ‘{;;‘ > where 73| = %Z,’-‘:l T;’ll(l.). The same
procedure is followed based on the set B, to obtain the second p-value and the largest
of the two is compared with the desired significance level. However, situations in which
the two tests disagree (one p-value is smaller than the significance threshold and the
other is not) require data-specific considerations, as the result of this testing protocol is
inconclusive.

A rejection to the test for either Hy, or Hyz constitutes evidence against the null
hypothesis of conspecificity, suggesting that the relationship between genetic and
geographic dissimilarities displayed by the two metapopulations cannot explain their

genetic differences and they might thus represent two separate lineages.
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1.3.2 The partial Mantel test

The null hypothesis of the simple Mantel test states that “the distances among objects
in matrix D, are not (linearly or monotonically) related to the corresponding distances
in D,” (P. Legendre and L. Legendre , p- 600). The original test statistic by Mantel

( ) was a cross-product of the vectors of dissimilarities,

Z dy(zryzc) : dx(Zr,Zc) )
c<r<n
the standardized version of which corresponds to the sample correlation coefficient

between the vectors of dissimilarities:

r(Dy)Dx) — Zc‘<r§n(dy(zhzc)_— dy)(dx(zth) _ d_x) _
\/Zc<r§n(dy(zr7Zc) - dy)z Zc<r§n(dx(zra Zc) _ dx)z

, (1.17)

where aTy = 1/1_VZC<r§n dy(z,,z.) is the overall average genetic dissimilarity and d, =
%Zcqgn dy(z,,2.) is the overall average geographic distance.
Partial Mantel tests were proposed by Smouse et al. ( ) and are based on a

partial correlation coefficient here defined as

”(DyaDg) - r(Dvax)r(Dgan)

r(Dy’Dg‘DX) - \/(1 — T(Dyan)z)(l - r(Dg7Dx)2) .

(1.18)

(1.18) quantifies the correlation between the genetic dissimilarities and the grouping
distances after having accounted for the geographic distances. A partial Spearman

correlation could be employed to test for monotonic relationships (Q. Liu et al. ).

Medrano et al. ( ) tested the null hypothesis that the true population value of (1.18)
is zero in order to ascribe the genetic structure found in two subgroups of trumpet
daffodils to their lineage separation. The rejection of such hypothesis led them to
maintain that the IBD behaviour displayed by the groups was not sufficient to explain
the genetic dissimilarity found between the groups and that these should therefore not
be considered conspecific. In Figure 1.1 the null hypothesis means that conditionally
on geographic distances between-groups genetic dissimilarities (i.e., green) are not
systematically larger or smaller than within-group ones (i.e., red or black).
Hypothesis testing is usually carried out by means of permutations, although there
exists an asymptotically normal transformation of (1.17) (P. Legendre and L. Legendre
, p- 600). P. Legendre ( ) carried out empirical comparisons of four permutation
strategies for partial Mantel tests. His first strategy, the one used in this study, consists

in permuting rows and corresponding columns of D, and recomputing the partial
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correlation coefficient a large number of times. The permutable units for the test are
indeed the n individuals. The default number of permutations in the ecodist package
by Goslee and Urban ( ), which was used in this study, is 1000. For each of these
1000 iterations, rows and corresponding columns in matrix Dy, are permuted to yield
Dj, which implies the modification of 7(D}, D) and (D}, Dy) to be included in (1.18).
If the two groups are from distinct species, the partial correlation between genetic and
grouping dissimilarities should be positive (larger genetic dissimilarity between groups).
Therefore a one-sided test is carried out, and the associated p-value is equal to the share
of r(D},Dg|Dy) permutation replicates that are at least as large as the original value
r(Dy,Dg|Dy). P. Legendre ( ) remarked that this permutation strategy may lead
to inflated type-I error if outlying dissimilarity values are present in the data, whereas
skewness in the dissimilarities distribution should not represent an issue.

There has been a long debate in the literature concerning Mantel tests, see Diniz-
Filho et al. ( ) for a review. P. Legendre and Fortin ( ) mathematically show
that tests on the correlation between raw data vectors do not correspond to tests on
the correlation between the dissimilarities computed from that raw data. A brief
history of the controversies on Mantel tests is reported in the appendix to P. Legendre,
Fortin, et al. ( ), who claim that Mantel tests should only be used when research
hypotheses concern relationships between dissimilarities and not between the raw
data vectors. Guillot and Rousset ( ) maintain that the permutation procedure
traditionally employed in Mantel testing in most cases leads to inflated type I error rates
- see next paragraph. Bradburd, Ralph, and Coop ( ) discuss the limitations of partial
Mantel tests in landscape genetics applications. If one is interested in relationships
between raw data vectors, a node-level analysis (Wagner and Fortin ) can be
preferable and techniques that have shown better performance with respect to the
Mantel test (P. Legendre, Fortin, et al. ) are described by P. Legendre and L.
Legendre ( , ch. 14), but also mentioned by Diniz-Filho et al. ( ). Moreover,
strongly non-linear and heteroskedastic relationship between genetic and geographic
dissimilarities can hinder Mantel test performance: examining the Mantel correlogram
(Borcard and P. Legendre ) may help grasp how the genetic dissimilarities evolve
with landscape distance. Goslee and Urban ( ) proposed a piecewise version of the
correlogram that can help handle these assumptions’ violation.

Testing with jackknife Significance in partial Mantel tests is typically assessed
via permutations. This, however, might introduce a distortion. Permuting D, while
keeping D,, D, fixed generates data for which the true population value of (1.18) is
zero as prescribed by the null hypothesis, but on top of that, the permuted D, will
be independent of both D, and D,, which may be inappropriate in a real situation.
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Other permutation schemes as listed in P. Legendre ( ) also come with potentially
unrealistic implicit structural assumptions.

The potential distortion from permutation can be prevented by jackknifing the partial
correlation (1.18). By leaving one individual out at a time, n jackknife replicates of the

partial correlation coefficient are obtained:

r(Dy (i), Dg(iy) — r(Dy(iys D)) r(Dg iy, D))
\/(1 —r(Dy (i), Dy(i))?) (1 = r(Dg(i), D)) ?)

r(Dy (i), Dy IDyi) = , (1.19)

where D ;) is the version of the dissimilarity matrix D. in which the row and corre-
sponding column involving the i individual in the dataset are excluded. Then, n

pseudovalues are computed as
r;’/:nr(])w])g‘])x)_(n_l) (D D |D )

and used to obtain a jackknife estimate of the standard error of the partial correlation

o \/n(nl— D iw—mz

Y The p-value is obtained as P (t,, 1 > )

coefficient:

where 7V = 121 17
Testing with bootstrap Another option to assess the variability of the partial cor-
relation coefficient r(D,,D¢|D,) is by resampling n individuals with replacement,
generating nonparametric bootstrap samples. This idea was discouraged in Clarke et al.
( ) and Hausdorf and Hennig ( ) because, whenever two identical individuals
are sampled more than once, the associated dissimilarities will be equal to zero, gener-
ating bootstrap samples that in most cases tend to display a larger proportion of zero
dissimilarities with respect to the original data. However, to date, no systematic study
has demonstrated the performance of nonparametric bootstrap for species delimitation
tasks.

Bias-corrected (BC) bootstrap confidence intervals were used here, as defined
and motivated in Efron and Tibshirani ( , ch. 14.3 and 22.5). Let r,(D,,D,|Dy),
with b = 1,...,B, be bootstrap replicates of the partial correlation coefficients and

F.(d)= Z _ L (rp(Dy,D,|Dy) < d) the empirical distribution function thereof. The
lower boundary r;, of bias-corrected bootstrap confidence intervals is picked from
the distribution of bootstrap replicates according to how far the original value of the
partial correlation falls from its median bootstrap replicate. The null hypothesis of
the PMT is rejected at « significance level if r;, = F,~! (CID(Z- E—d 11— oc))) >0,
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where £ = @1 (F(r(Dy,D,|Dy))) and @ is the cumulative standard normal distribution
function. This type of confidence interval was used by Mason and Mimmack ( ) for
a simple correlation coefficient.

Section 1.5.3 will expand on these three ways of partial Mantel testing.

1.3.3 The linear mixed effects model

Another approach to model the dependence between dissimilarities involving the same
individual is via introducing individual random effects into a regression between geo-
graphic and genetic dissimilarities.

Clarke et al. ( ) proposed such a model. They were working with population-
level genetic and geographic data. After centering the geographic distances to remove
correlation between the intercept and slope estimates, they extended the linear regression
between genetic and (log-transformed) geographic distances by introducing one random
effect for each of the two populations on which the dissimilarity value was based. With
the notation defined above and considering an individual-level analysis, it is possible to
specify their model as

dy(zr,2;) =a+b (dx(z,,zc) —Jx) + 1.+ 1. +€(zr,2.) withn>r>c, (1.20)

where a is a constant term, 7, is a random effect representing the average deviation
of dy values involving individual r from that expected from its d, distances to the
other individuals and 7, and &(z,,z.) are assumed to be independent with &(z,,z.)
1.i.d. normally distributed. This specification assumes that dependence between two
dissimilarities involving the same individual can be expressed by an additive random
value. Technically this allows for dissimilarities smaller than zero, and does not take
into account dependence that involves more than two pairs of individuals, as exists for
distances at least due to the triangle inequality. The model can therefore not be fully
correct for a regression between distances, but given that all models are idealizations
and simplifications, the model can still be suitable if it allows for inference with good
performance characteristics.

The authors fitted the model via restricted maximum likelihood (REML). It has
gained popularity in the landscape genetics literature (Peterman and N. S. Pope )
being used to assess the effect of landscape variables on gene flow (Van Strien, Keller,
and Holderegger ) and for landscape model selection (Shirk et al. ). It can
be fitted using the mlpe_rga function from the ResistanceGA R package (Peterman

), based on the 1me4 package (Bates et al. ).
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In order to apply model (1.20) for species delimitation, a fixed effect associated
with the grouping distance D, needs to be incorporated:

dy(zr,2:) = by +b1dx(2r,2:) + brdg(2,,20) + T + Tc + €(2,,2.) Withn >r>c.

(1.21)
b, here is an intercept update for between group genetic dissimilarities, and the null
hypothesis b, = 0 corresponds to conspecificity, which is tested against the one-sided
alternative b > 0. In Figure 1.1 b, would be the amount by which the green between-
groups dissimilarities are on average higher than the red and black within-group dis-
similarities. This is similar to Hy, in Section 1.3.1, assuming implicitly that there is no
difference between the within-group regressions for group 1 and group 2. Even if there
is such a difference, it can be seen as relevant to whether the dissimilarities between
groups are systematically larger than a model defined on the aggregated within-group
dissimilarities.

Note that unlike the approaches in Sections 1.3.1 and 1.3.2, (1.21) provides a
generative model for dissimilarities, but we will not use it as such because it does not
use information about the underlying genetic dissimilarities, and also, as argued above,
it cannot be fully correct for these.

The test can be based on profile likelihood-based confidence intervals (CI) (Royston

; Venzon and Moolgavkar ). The null hypothesis is rejected if the lower
boundary of the (1 —2a) profile likelihood-based CI is larger than zero. These CIs
are obtained in R via the confint function applied on the mlpe_rga output. Profile-
likelihood-based ClIs are connected to likelihood ratio tests. Therefore, model (1.21)
should not be fitted with REML (West et al. ). Anyway, given the small number of
fixed effects included in the model, estimates from ML and REML should not differ
much (Verbeke and Molenberghs , section 5.3.5).

A related approach was used by R. Yang ( ) for estimating and testing for
isolation by distance. Instead of introducing random effects explicitly, several standard
correlation patterns for the €(z,,z.) as available in the SAS PROC MIXED (SAS
Institute ) were used to model the dependence in the dissimilarities. This can
be expected to be inferior to (1.21), because it does not use the information which

dissimilarities belong to the same individual.

A linear regression model ignoring dependence This study also features a straight
linear regression model without the random effects that ignores the dependence between

dissimilarities:

dy(2,,2.) = by +bid(2,,2.) + b3dg(2r,2.) + €(2r,2.) Withn>r>c, (1.22)
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assuming €(z,,z.) i.i.d. normally distributed with zero mean. The null hypothesis is
once more b; = 0, tested against b5 > 0 with the standard regression t-test. A similar
approach has been taken for distances in Spriggs et al. ( ). Note that if (1.22)
held indeed, the null hypothesis of the partial Mantel test in section 1.3.2 would be
equivalent to b5 = 0 (P. Legendre ).

Type I error and power properties of all these methodologies will be assessed by
means of simulations, which are introduced in the following section. All tests will be
run at level o = 0.05.

1.4 Simulations

The relationship between genetic and geographic dissimilarities in real data can be
influenced by a plethora of factors, including sampling scale (Anderson et al. ),
introgression, i.e., gene flow between distinct species (Bamberger et al. ), missing-
ness in the genetic data (Séré et al. ), habitat configuration and heterogeneity (Van
Strien, Holderegger, and Van Heck ), to name just a few. By enabling researchers
to control some of these factors, simulations have proved crucial in the related literature
(Epperson et al. ). Landguth et al. ( ) highlight the importance of simulations,
particularly individual-based and spatially explicit, in landscape genetics.

More than 20 software packages for simulating genome-wide data are listed in
Bourgeois and Warren ( ). In population genetics, simulation algorithms can be
mainly divided in backward-time and forward-time approaches (Yuan et al. ).
The former are related to the coalescent process (Kingman ) and reconstruct the
history of alleles observed at the present generation up to the most recent common
ancestor; allele mutations are then applied on the reconstructed genealogy. Since the
history of lineages whose offsrping did not survive up to the present generation are
ignored in the process, these algorithms are often quite efficient (Carvajal-Rodriguez

). A widely used state-of-the-art software package for coalescent simulations
is msprime (Baumdicker et al. ), which is not spatially-explicit. Packages that
include a coalescent component and take into account the geographic position of
populations are, e.g., SPLATCHE3 (Currat et al. ), quantinemo?2 (Neuenschwander
et al. ) and GSpace (Virgoulay et al. ). Forward-time approaches tend to
be less computationally efficient because they simulate the evolutionary history of the
species, generation after generation, from an ancestral population to the present. Thanks
to this, they allow more flexible modeling of demographic scenarios related to mutation,
recombination and selection. Among this kind of packages we find geonomics (Terasaki
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Hart et al. ), CDmetaPOP2 (Day et al. ) and SLiM (Haller and Messer ),
all spatially-explicit. Attempts to combine the computational efficiency of coalescent
simulations with the flexibility of forward-time ones also exist (Kelleher et al. ).

The software packages employed in this study, SLiM and GSpace, simulate genetic
data for individuals with geographic locations rather than dissimilarities, see Figure 1.2.
They are based on models for the evolutionary processes that lie behind the modification
of the alleles in the loci sampled from the individuals’ DNA. These algorithms simulate
the life cycle of individuals that inhabit an artificial map and, generation by generation,
exchange their genetic material through migration schemes that give rise to different
IBD patterns. The genetic make-up of the output individuals is the result of this
complex set of factors, which will indirectly impact the relationship between genetic
and geographic distances.

In the following, the two simulators used in this comparative study are described

and the performance of the methods in section 1.3 on simulated datasets is discussed.

1.4.1 Simulations based on the SLiM simulator

As explained in its user manual (Haller and Messer ), SLiM (Haller and Messer

) is a forward-in-time simulation package for constructing genetically explicit
individual-based evolutionary models. Its default settings include non overlapping
generations, diploid individuals and offspring generated by recombination of parental
chromosomes with the addition of new mutations. Within each species, an arbitrary
number of subpopulations can be simulated, connected by any pattern of migration. In-
dividuals can be hermaphroditic or sexual and mating need not be biparental. Mutations
at specific base positions in the genomes are explicitly modelled, also as nucleotide
sequences. SLiM provides support for continuous space, either in one, two or three
dimensions, and this can help simulate dispersal (mate choice with spatial kernel or
nearest-neighbor search) and spatial competition. Importantly, SLiM allows the simula-
tion of more than one species in a single SLiM model, opening the door to ecological
interactions and coevolutionary dynamics. Virtually any feature of the simulated evolu-
tionary scenario can be controlled via the integrated Eidos scripting language, which
was created specifically for SLiM.

The SLiM manual describes more than 100 scripts (called “recipes”) for simulating
particular evolutionary scenarios. The short summary above hints at how its numerous
simulation possibilities could be exploited to investigate the type I error rate and
power of the methodologies explained in the section 1.3. A two-group continuous
space simulation, with individuals that compete for foraging areas (resulting in a more

likely reproduction of more isolated individuals), choose mates among their nearest
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neighbors and generate offspring in their surroundings, will lead to observations isolated
by distance. Instead, absence of competition and less parent-dependent offspring
positioning will lead to quasi-panmictic results, i.e., to the lack of association between
genetic and geographic distances. In this project, the term “quasi-panmictic” is used for
convenience to refer to species simulated withouth IBD pattern, i.e., to scenarios where
the genetic distance between co-specific individuals does not grow with geographic
separation. As explained in section 1.1, though, the assumption of panmixia can of
course be violated for several other reasons. The individuals from the two groups might
inhabit the same geographic area or might be segregated into two disjoint areas. As
regards the conspecificity and distinctness scenarios:

* a simulation with one species and one subpopulation sampled with an artificial
random split will return a naive conspecificity scenario, which can be used as

baseline;

* a simulation with only one species and two subpopulations, which descend from
the same parent population and are able to exchange migrants, may yield a
scenario consistent with the null hypothesis of conspecificity, because the two
groups are related by their history and their individuals are expected to display a

similar genetic make-up;

* a simulation exploiting SLiM’s multispecies engine (introduced in chapter 19
of the manual), with two distinct species that cannot interact, may generate a
scenario consistent with the alternative hypothesis of distinctness, since their

genetic information is expected to be completely unrelated.

The details about SLiM’s assumptions and key parameters for the simulations carried
out in this study are reported below. The code for the three scenarios above can be
found in Appendix C.1.

The simulation was initialized on a two-dimensional map and with an explicit
nucleotide sequence 1000 base pairs long: this means that a total of 1000 diploid loci
(technically, two genomes with 1000 positions) were simulated, where four different
alleles can be found - corresponding to the four nucleobases: adenine, cytosine, guanine
and thymine. The initial nucleotide sequence was random and the recombination rate
was set to the default low value of 1078 (loci were not independent). Mutations were
handled according to the Jukes-Cantor mutational model (Jukes and Cantor ) by
specifying a matrix containing the mutation rates from one nucleobase to the other: a
unique rate applied to all transitions among nucleobases and in these simulations it was
set to 0.0025, a value that is larger than the default: too low values would lead to too

few mutations and thus less genetic structure, given the timescale of the simulation.
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The map was always a square 200 x 200 units wide, but in any case species were not
allowed to get out of the central 100 x 100 area. As far as mating is concerned, in all
scenarios individuals would randomly pick a mate among their three closest neighbors,
selected within a circular area of radius 3.

On top of these shared parameter options, the following settings varied according to

the scenario:

* in the split scenario, throughout the simulation, all individuals inhabited the cen-
tral 100 x 100 area. In the conspecificity scenario, the parent population inhabited
the central square area, but, depending on the sub-scenarios, the two “children”

subpopulations would continue to share the same wide area (overlapping conspe-

cific) or start to migrate to two disjoint areas of the map (separate conspecific).

By the time of the last simulated generation, the first subpopulation would inhabit

the area between point (50,50) and point (100, 100), whereas the second group

would inhabit the area between point (100, 100) and point (150, 150), both in-
cluded in the original wide central square area. Also in the distinctness scenario
there were two sub-scenarios: in the overlapping distinct one, both species would
inhabit the central 100 x 100 area, whereas in the separate distinct one, they
would inhabit, since the very first generation, the area between point (50,50)
and point (100, 100) and the area between point (100, 100) and point (150, 150),

respectively.

* In all simulations, SLiM would output the data regarding the individuals only
at the last generation. In the split scenario, 100 generations were simulated. In
the conspecificity scenario, the parent population would be simulated for the first
100 generations and be removed afterwards; the two children subpopulations
would originate from the parent one at generation 90 and then be simulated up to
generation 150. In the distinctness scenario, both species would be simulated for

50 generations.

* The only subpopulation existing in the split scenario and the parent population in
the conspecificity scenario were made up of 400 individuals. The children sub-
populations in the conspecificity scenario and the two species in the distinctness
scenario were made up of 200 individuals each. Note that, in each SLiM cycle,
individuals are born, mate and die, but the default behaviour of the software is to

keep the number of simulated individuals steady throughout the generations.

* In order to generate diverse data richness situations, regardless of the scenario,
the number of loci available for the computation of the shared allele distance

was either 4, 40 or 89 and the total number of individuals sampled was either 12,
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30 or 90. The whole simulation study was carried out either with equally sized
groups (e.g., 6 versus 6 individuals) or with one group being twice as large as
the other (e.g., 4 versus 8). In the split scenario there was just one big group
from which individuals were drawn, and these individuals were then randomly
assigned to the two groups used to test conspecificity. Given the membership, the
drawing of individuals was random, except for the separate conspecific scenario,
when it was constrained to those individuals inhabiting the subpopulation-specific
geographic area of the map: indeed, given the migration process involved in that
scenario, it could well happen that some individuals at the last generation were
still positioned in the area specific to the other group, typically because one of

their parents belonged there.

As far as spatial competition is concerned, it was modeled through the effect that
interactions between individuals had on their probability to reproduce. Each indi-
vidual experienced an interaction strength that was the sum of all its interactions
with individuals in the neighbourhood. In particular, a Gaussian kernel was used
to translate the distance between two individuals in the strength of the interaction
between them: when trying to enforce a strong IBD behaviour in the individuals,
this Gaussian distribution would have mean 2.5 and standard deviation 5 and the
interactions with individuals out of the circular area of radius 15 would be set
to zero; when trying to mimic quasi-panmictic species, the distribution would
have mean 0.5 and standard deviation 1 and the circular area with positive-valued
interactions would have radius 3. With the first parameter settings, given a cer-
tain Euclidean distance between two individuals, the strength of the interaction
would be assigned a larger value: the stronger the total interaction felt by an
individual, the lower its probability to reproduce, leading to the formation of
isolated subgroups and hence to restricted gene flow. With narrower Gaussian
kernels, instead, the total interaction strength on each individual would tend to be
smaller and thus there would be less incentive to dispersal, resulting in a more

panmictic-like behaviour.

In the conspecificity scenario, the two children subpopulations were allowed
to exchange migrants. A migration rate of 20% means that when creating the
offspring for, say, the first subpopulation, 20% of the parents (with some stochastic
variability) were picked from individuals belonging to the second subpopulation.
In the overlapping conspecific scenario, the two subpopulations would exchange
parents at a rate randomly oscillating between 40 and 50% till the last generation.
In the separate conspecific scenario, the migration rate would start off at 20%
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and then linearly decrease to reach zero in the last generation, at a pace that is

consistent with the progressive separation of the geographic areas.

* As far as offspring generation is concerned, it occurred at every simulation cycle
after the choice of the two mating parents: its position was shifted from that of the
first parent according to a draw from a zero-mean Gaussian kernel with standard
deviation 1 in case of strong IBD behaviour and 9 in case of quasi-panmictic
behaviour. Thus, with strong spatial competition, the emerging isolated groups
would tend to be preserved because offspring were more likely to emerge in a
narrow neighbourhood of their parents. In the separate conspecific sub-scenario,
the location parameter of the Gaussian distribution involved in this process was
modified according to the group: for the first group, that would end up in the
square area between point (50,50) and point (100, 100), the parameter was set to
—0.5, whereas it was equal to 0.5 for the second group. Also in this respect, this
is consistent with the gradual process of separation that affected the groups since

the 100" generation.

In Appendix A.l, example distance-distance plots similar to Figure 1.1 from these five
scenarios are shown, with equal or unequal group sizes, both for quasi-panmictic groups
and for isolated by distance groups. Section 1.4.4 further expands on these parameter

choices for simulations.

Results from SLiM As explained above, five scenarios were simulated with SLiM:
a split scenario (one group, random split), an overlapping conspecific scenario (two
groups, same parent population, same inhabited area), a separate conspecific scenario
(two groups, same parent population, disjoint inhabited areas), a separate distinct
scenario (two species living in disjoint areas) and an overlapping distinct scenario (two
species inhabiting the same area). Across the scenarios sorted in this way, the rejection
rate from species delimitation methods is expected to be non-decreasing, since we
transition from a clear conspecificity setup (the split strategy) to a clear distinctness
setup (the multispecies simulation). On top of these scenarios, other varying parameters
(all shared by both groups) were the IBD behaviour and the number of loci available
for the computation of Dy, (out of the 1000 loci simulated). In half of the cases the
two groups were equally sized and in the other half n, = 2n;. The combination of all
these factors generated 36 scenarios and in each of them the techniques described in
Section 1.3 were applied both with untransformed and log-transformed geographic
distances. 100 replicates of each of these combinations were generated and the number
of rejections was recorded for all the methods. This information is visualized in power

plots, one for equal and one for unequal group sizes. In these plots, HH20 denotes the
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Power plots with equally sized groups
Faceted by number of loci and sample sizes. Each value is based on 100 test replicates.
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Fig. 1.3 Power plot based on SLiM data simulated with equally sized groups. Panels by number
of individuals per group (rows) and a combination of IBD behavior and number of available loci
(columns). Each rejection rate is based on 100 simulations with the same parameter settings.
Circles and solid lines refer to analyses with untransformed geographic distances, whereas
triangles and dashed lines refer to analyses with log-transformed ones. The horizontal dashed
red line is superimposed to help assess type I error rates.

protocol by Hausdorf and Hennig ( ); PMantel denotes PMT with permutations;
MJack denotes PMT with jackknife; BC denotes PMT with bias-corrected bootstrap;
MXD denotes the mixed effects model (1.21); LM is the multiple regression ignoring
dependence.

In Figure 1.3, rejection rates from the scenarios with equally sized groups are
reported. Results with 40 available loci are only shown in Appendix A.1 (see Figures
A9, A.10, A.11 and A.12), same regarding the GSpace simulations in Section 1.4.2
(see Figures A.13, A.14, A.15 and A.16). The expected non-decreasing trend in the
rejection rates was confirmed, with some minor exceptions between the split and the
overlapping conspecific (same parent, same area) scenario. In the split scenario, all
methods (surprisingly, model (1.22), too) displayed a type I error rate close to the
significance level 5%, although the bias-corrected bootstrap with untransformed D,
rejected the null hypothesis of conspecificity too often in some setups. In general, the
jackknife-based methods (HH20, MJack) showed type I error rates very close to zero,
whereas all other methods had them slightly above the significance threshold. In the
second scenario, especially with large samples, these methods showed rejection rates
close to 10%.

In the separate conspecific (same parent, disjoint areas) scenario with quasi-
panmictic groups, all rejection rates registered a strong increase: especially with many



1.4 Simulations

33

individuals and loci, all methods seemed to suggest that the two groups should be
considered distinct, despite having originated from the same parent population. This
was probably due to the combination of geographic separation and absence of IBD
behaviour: the genetic structure that was formed because of the decreasing migration
rate could not be explained by geographic distance as individuals in the same group
tended to be quasi-panmictic. Indeed, when species were isolated by distance and with
sufficient genetic information (89 available loci), the rejection rates in the separate
conspecific scenario all fell below the significance level. Recalling the remarks in the
previous sections about different levels of biological differentiation, it can be controver-
sial whether the groups generated with this particular SLiM script should be considered
conspecific. Most methods concluded they are not, which is important information for
biologists using these tests.

Under the multispecies setups, all methods displayed a rejection rate close to 1. The
jackknife-based methods, though, tended to display lower power than the other methods,
particularly with small sample sizes. This trend was common to all scenarios: PMantel,
MXD, LM and BC always showed rejection rates larger than HH20 and MJack. In
this respect, it is worth noting that MJack, representing a compromise between HH20
and PMantel, displayed satisfactory type I error rate and larger power than HH20 in
all setups. Now, if the rejection of the null hypothesis in the split scenario is seen as
a Bernoulli random variable with success probability equal to 0.05, 10 rejections out
of 100 would represent a significant result at 5% level. PMantel did not consistently
display such significant figures in the simulations, but in an ad hoc simulation under the
null hypothesis, with 15 individuals per group and 40 loci (not shown here), this test
rejected 70 times out of 1000 repetitions (one-sided p-value = 0.0023 against the null
hypothesis that the rejection probability is 0.05). By replacing the permutation-based
significance assessment with a jackknife-based one, MJack achieved more power than
HH20 while keeping its same low type I error rate. This might support the idea that
permutations introduce a distortion in the distribution of geographic distances - see
section 1.5.3.

Also in Figure 1.4, with unequal group sizes, the rejection rates were mostly non-
decreasing when going from the split scenario to the overlapping distinct scenario. The
most important difference regards the type I error rate of LM: when one group was
twice as large as the other, the rejection rate of LM in the split scenario often lay above
the significance level, sometimes strongly so, especially with the largest sample sizes.
This confirms that neglecting the dependence in the dissimilarities can lead to type I
error inflation for these testing procedures, as further discussed in section 1.5.2.

Regardless of the other parameter options, the transformation of the geographic

distances did not seem to have a relevant impact on the methods’ performance. The
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Power plots with unequally sized groups
Faceted by number of loci and sample sizes. Each value is based on 100 test replicates.
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Fig. 1.4 Power plot based on SLiM data simulated with unequally sized groups. See the
caption to Figure 1.3 for further description.

only exception is HH20, whose power increased with log-transformed geographic

dissimilarities.

1.4.2 Simulations based on the GSpace simulator

As clarified in its user manual (Virgoulay et al. ), GSpace (Virgoulay et al.

) is a “a backward generation by generation exact coalescence algorithm with
recombination” that allows to simulate allelic data on a lattice under isolation by distance.
Each deme on the lattice can represent the locality in population-level simulations or the
position of single individuals on the map, approximating continuous habitats (but see
the remarks in Battey et al. ( ) on this). Given the sampled individuals, the history
of neutral genes is generated going backward in time and then mutations are simulated
from the most recent common ancestor starting from the top of the coalescence tree
down to the branches. At each generation, migration is handled by means of two-
dimensional dispersal distributions, to be chosen among uniform, geometric, Zeta, etc.
Details can be found in Leblois et al. ( ).

As far as the specific settings for the simulations carried out in this study are con-
cerned, a 200 x 200 demes map was created, with diploid individuals always inhabiting
the central 60 x 60 area. A first group would inhabit the area between point (70,70)
and point (90,90), whereas a second group would inhabit the square between points
(110,110) and (130,130). Their coordinates were drawn uniformly within the allowed
range. A sequence of di-allelic loci was simulated, with both the mutation rate per

generation per locus and the recombination rate per generation between loci equal to
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0.005 (ten times the default) for all simulated loci. The so-called K-allele mutation
model was used, according to which the initial allelic state is changed into one of the
other possible states - in this case the only other allele allowed in the di-allelic setting.
In order to mimic a continuous habitat, in each deme there could be up to one individual.

In addition to this, the following parameters varied according to the scenario:

* in order to obtain a baseline scenario where the conspecificity hypothesis was
trivially true, the two groups were simulated within the same software execution,
so that the algorithm would reconstruct a unique genealogy common to all individ-
uals. In all other cases, the two geographically separated groups were generated
during two distinct software executions and collected in the same dataset.

* The two groups would obviously share the same allele pool (the same two allelic
stata for all loci) when generated within the same software execution, whereas
they could share both alleles, one allele or no allele otherwise. Of course, when
no allele was shared, the genetic dissimilarities between individuals from different

groups would always take value one.

* IBD behaviour was controlled via the choice of the univariate dispersal distribu-
tion: GSpace assumes that dispersal occurs independently in each dimension. In
order to yield quasi-panmictic groups, a uniform dispersal was used, according to
which the probability of moving ¢ steps in one direction is ﬁ, where m is the
total migration rate, equal to 0.5 and d,,,4y 1s the maximum distance reachable in
any migration event, set to 200 (the largest possible value) in all scenarios. As
regards IBD species, a Zeta (or truncated discrete Pareto) dispersal distribution
was used, assigning value ﬁ to the probability to move ¢ steps in one direction,
with k¥ = 5 being the shape parameter.

¢ The total number of simulated individuals was either 12, 30 or 90, whereas the
genetic sequence was either 4, 40 or 100 loci long. As with SLiM, all scenarios
were investigated both with equally sized groups and with one group twice as

large as the other.

Distance-distance plots from all simulated scenarios and the related script can be found
in Appendix A.l and C.2, respectively.

Results from GSpace The combination of the parameter settings illustrated above
led to a total of four scenarios: the simulation involving a unique software execution
represented a conspecificity setup, whereas the situation where the allele pools of the

two groups shared no allele constituted a distinctness one. The other two setups were
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Power plots with equally sized groups
Faceted by number of loci and sample size. Each value is based on 100 test replicates. GSpace data.
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Fig. 1.5 Power plot based on GSpace data simulated with equally sized groups. Panels by
combination of IBD behaviour and number of loci (columns) and number of individuals per
group (rows). See the caption to Figure 1.3 for further description.

included as intermediate situations, with the two groups not sharing ancestors while
still showing similarities in their genetic information. Recall that in all these scenarios
the geographic separation was always the same: the two groups inhabited two disjoint
areas of the map. The four scenarios can be sorted as follows: one execution (split),
two executions and same alleles (same allele pool), two executions and one allele in
common (overlapping allele pools), two executions and no allele in common (disjoint
allele pools). In this order, the rejection rate is expected to be non-decreasing.

On top of these scenarios, other varying parameters were the number of individuals
per group, the number of loci available for the analysis and the IBD behaviour (absent
with Uniform dispersal distribution and strong with Zeta dispersal distribution). Each of
these parameter (and scenario) combinations was simulated 100 times and the number
of rejections was recorded.

In Figure 1.5 the results related to situations in which the two groups are equally
sized are reported. It is apparent how the ranking of the methods in terms of performance
was similar to that observed in SLiM. The type I error inflation of BC, occasionally
spotted on SLiM datasets, was here exharcerbated, especially with fewer loci and fewer
individuals. As it will be further discussed in section 1.5.3, this is due to resampling
with replacement, which led to the emergence of too many zero dissimilarities in the
bootstrap samples. A closer look at distance-distance plots (not shown here) suggests
that these zero dissimilarities were outlying with respect to the bulk of the data, leading

to a biased distribution of bootstrap replicates of the partial correlation coefficient.
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Faceted by number of loci and sample size. Each value is based on 100 test replicates. GSpace data.
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Fig. 1.6 Power plot based on GSpace data simulated with unequal group sizes. Panels by
combination of IBD behaviour and number of loci (columns) and number of individuals per
group (rows). See the caption to Figure 1.3 for further description.

Indeed, accounting for geographic separation, in those situations there appeared to be a
large positive association between genetic and grouping distance, as zero distances could
only be found when the grouping indicator was equal to zero. Consequently, bootstrap
replicates had an upward bias that often caused a rejection of the null hypothesis. This
phenomenon was not as evident with SLiM data because its split scenario did not involve
geographically separate groups, unlike GSpace. These findings represent empirical
evidence that partial Mantel testing with bootstrap can generate unreliable results.

The jackknife-based methods showed lower power with respect to other methods,
and once again the logarithmic transformation of D, helped HH20 to be more powerful.
In the overlapping allele pools scenario, given the number of loci and the total sample
size, the rejection rates were lower with IBD species than with quasi-panmictic ones.
Indeed, with species isolated by distance, geographic separation was sometimes enough
to explain the genetic discrepancies between the two groups, and jackknife-based
methods were more sensitive to this data feature than other methods.

Figure 1.6 shows that, when the two groups had unequal sizes, the rejection rates
were similar to those with equally sized groups. A slight decrease of some rejection

rates across all scenarios can be spotted in the column with IBD species and four loci.

1.4.3 Discussion

The individual-based spatially-explicit simulations carried out via SLiM and GSpace

allowed to study the type I error rate and power of the techniques described in the
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Methods section. A consistent ranking in the overall performance of the methodologies
could be observed, with jackknife-based methods being more conservative and less
powerful and the other techniques being more powerful, but at the cost of occasional
type I error rates above the significance level.

By combining jackknife significance assessment and the usage of partial correlation
coefficients, MJack managed to achieve better power than HH20, while showing type
I error rates consistently beneath the significance level, unlike PMantel. The bias-
corrected bootstrap-based PMT showed too large type I error rate in the most challenging
data setups. Additional insights on these three ways of assessing significance in partial
Mantel tests can be found in section 1.5.3.

Despite wrongly assuming that all dissimilarities in the dataset are independent,
OLS estimation in model (1.22) displayed good type I error rate and power in several
situations. In particular, it often performed better than the random effects model MXD,
avoiding certain increased type I error probabilities of the latter. However, with SLiM
data, the type I error rate of LM was consistently above the significance level when
unequally sized groups were being compared. This is in line with the expectation
that ignoring the dependence between distances can invalidate the inference on their
relationship. More on this in section 1.5.2.

No method apart from HH20 clearly benefited from the logarithmic transformation
of the geographic distances. Its performance was summarized by a single rejection rate
in the power plots, but recall that this method is hierarchical. In our study, a rejection
corresponded to cases when either Hy, or Hyz was rejected, and thus, non-rejections
included also the inconclusive results that can arise when testing Hyz. Although in
all simulations both groups always had the same IBD behaviour, some rejections of
Hp; occurred, so that Hyz rather than Hp, was tested. The possibility to take into
consideration unequal IBD behaviour is unique to HH20, but here may have led to a
degradation of its performance. More precisely, lower rejection rates may have been
recorded here in spite of the fact that, in some unclear cases, a practitioner could have
concluded that two distinct species were being compared. The investigation of scenarios
where groups show different IBD patterns is left for future work.

The role of the assumption of linearity, made by all methodologies compared
here, will be further explored in section 1.5, where also the issue of the dependence
in the dissimilarities will be discussed. Moreover, additional insights on the use of
permutations, jackknife and bootstrap in partial Mantel tests will be presented.

In the remainder of this section, parameter choices for the simulations above are

discussed more in depth.
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1.4.4 Parameter choices for simulations

The choice of parameter values for complex simulations like those employed in this
study is a challenging task. While it is crucial to inform this choice via the best available

knowledge from real data (Adrion et al. ), retrieving relevant information for the

specific landscape model of interest can be hard. As an indication, L. C. Pope et al.

( ) found that almost one third of the publicly available datasets they surveyed could
not be recreated, while 40% did not report geographic information; on top of this, only
a share of the reproducible datasets would contain co-dominant markers compatible
with the computation of shared allele distances. Although both GSpace and SLiM
model evolutionary processes and return geographic coordinates and genotypic data,
here they were used to study the performance of inferential methods that act on genetic
and geographic dissimilarities - thus on a different analytic level. Therefore, the choice
of simulation parameters was mainly guided by dissimilarity-based considerations, in
connection with the hypotheses of interest. By visual inspection of distance-distance
plots and Mantel correlograms, parameter values were selected in the light of their
association with key data features, such as the enforcement of IBD behavior within
the species, range separation in the dissimilarities within and between the groups,
geographic segregation. Similar data visualizations were contrasted with those from
compatible real data, i.e., with datasets where spatially-explicit co-dominant markers
were available, such as those in Figures 1.1, 1.14 and 1.8. The estimation of some of
the parameters described in this section from real data is left for future work.

In the following, after the description of correlograms, insights from the parameter

explorations carried out for SLiM and GSpace are discussed.

Mantel correlograms Correlograms display measures of spatial correlation against
geographic distance classes (Borcard, Gillet, and Legendre , ch. 7) and can be used
as diagnostics plots to detect isolation by distance in our setup. In Mantel correlograms
(Borcard and P. Legendre ), the Pearson correlation between genetic dissimilarity
and distance class indicators is plotted. Geographic distances are divided into distance
classes, usually using Sturges’ rule - which gives log,(w) + 1 classes - where w is the
number of dissimilarities. Given a distance class, two individuals are assigned class
indicator O if they belong to the same distance class and 1 otherwise. If individuals
closer in space tend to be more genetically similar than those geographically separate (a
pattern like isolation by distance), we expect these correlations to be larger for the first
distance classes and smaller for the last distance classes. Indeed, in that case, for the
first distance classes, belonging to the same class (indicator equal to 0) means being

close in space, so that individuals from distinct classes (indicator equal to 1) tend to
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Fig. 1.7 Mantel correlograms for two exemplary SLiM datasets from the split scenario, with a
total of 80 individuals and 40 loci. Based on log-transformed geographic distances. Species
with IBD behaviour on the left, with quasi-panmictic behaviour on the right. Plot generated
with the vegan package (Oksanen et al. ).

display larger genetic dissimilarities. Viceversa, under IBD, in the last distance classes
an indicator equal to 1 will be associated with smaller genetic dissimilarities, leading to
negative correlations. For each distance class, a simple Mantel test is carried out and
Mantel correlation coefficients significantly different from zero are depicted in black on
the chart. The path drawn by the significant coefficients informs the assessment of the
spatial structure found in the genetic dissimilarities.

In Figure 1.7, Mantel correlograms are shown for two exemplary SLiM datasets from
the split scenario. When parameter settings for IBD behaviour are used, a clear negative
trend appears, with significant Mantel tests for most of the distance classes. With quasi-
panmictic individuals, instead, the range of the Mantel correlations is narrower and no
significant association between genetic dissimilarities and distance class indicators is
spotted.

According to Francois and Waits ( ), also PCA applied on genotypic data can
be used to detect the presence of IBD patterns. Under an equilibrium IBD model,
a “horseshoe” shape in the scatterplot of the (first two) principal components should

appear.

SLiM  With respect to di-allelic models, nucleotide-based models in SLiM helped ob-
tain datasets with a wider range of genetic dissimilarities, where the separation between
within-group and between-groups dissimilarities, if present, was more pronounced. In

these models, as explained in section 1.4.1, mutations were governed by the Jukes-



1.4 Simulations

41

Cantor model with a unique transition rate equal to 0.0025, larger than the default. Too
low rates would prevent sufficient genetic discrepancies between individuals to build
up, resulting in very low values of the shared allele distance. Values larger than 0.0025,
instead, would imply way longer execution times. Similarly to what happened with
GSpace, mutations could mask IBD patterns also in SLiM: in IBD scenarios, given
the time-scale of the simulation, large mutation rates would induce constant genetic
dissimilarities, with very low variance. The impact of mutations clearly changes with
the time-scale of the simulation: in this study the related parameters were chosen in such
a way so to control execution time, avoid the masking of IBD patterns and minimize
the number of monomorphic loci.

The recombination rate is associated with the independence of loci. A value equal
to 0.5 enforces independent loci, but requires longer execution time. In IBD scenarios,
this rate would induce clearer linearity in the increase of genetic dissimilarities up to the
level of geographic separation where they plateau; with the default rate, a more convex
shape is spotted in this area of the distance-distance plot. In quasi-panmictic scenarios,
independent loci led to more concentrated genetic dissimilarities - see section 1.7.2.

The number of simulated individuals obviously interacted with IBD patterns, be-
cause of the constrained habitat. More individuals fill the map better, facilitating gene
flow: this would dampen IBD patterns in scenarios where spatial parameters were set
to enforce them, whereas panmictic-like behaviour would be intensified. Given the
number of simulated individuals, a larger number of sampled individuals would make
IBD patterns more apparent, also on correlograms.

A sufficiently large number of generations before data output was needed in order
for mutations to build up, as explained above. With too short simulations, IBD patterns
would not be visible. While, in scenarios with one species, longer simulations would not
result in any dramatic change in IBD patterns and shape of genetic distance distribution,
in scenarios with two species it was crucial to keep the number of generations as
low as 50. Simulations with IBD behavior and 200 generations, for instance, would
yield datasets in which the shared allele distances between co-specific individuals
would plateau at the same level observed for between-groups dissimilarities. In quasi-
panmictic scenarios with same time-scale, the range of genetic dissimilarities would
be very similar within and between the groups. This is connected to the fact that the
four nucleobases were directly used as allelic stata for the diploid loci in these abstract
simulations, i.e., no allelic status was exclusive to some species. Therefore, similarly to
what happened in the same allele pool scenario with GSpace, even unrelated species
would never end up displaying maximum shared allele distance values, on average.
Datasets where this happened were thus considered incompatible with the alternative

hypothesis of distinctness for the sake of this simulation study, because the positive



42

Approaches with known groups

shift in genetic dissimilarities that can be expected to appear when individuals from
distinct species are compared would be masked. Another possible workaround, which
is left for future work, is to specify species-dependent matrices of mutation rates in the
Jukes-Cantor model, so that the genetic material in the two species might converge to
different allele frequencies in the long run. However, keeping the number of generations
low ensured that the desired structure in the genetic dissimilarities was obtained while
minimizing the execution time of the simulations.

As far as parameters related to IBD patterns are concerned, as explained in section
1.4.1, the most relevant ones were the mean and standard deviation of the Gaussian ker-
nel used to translate geographic distance into interaction strength (spatial competition)
and the standard deviation of the Gaussian kernel used for offspring positioning. The
choice of their values in the IBD and quasi-panmictic scenarios was based on a thor-
ough parameter exploration. Experiments showed how offspring positioning was more
impactful than spatial competition in enforcing IBD patterns in the species, while the
number of nearest neighbors from which to choose a mate and the maximum distance
to find one were less relevant. In IBD scenarios, larger values of these two parame-
ters weakened the positive association between genetic and geographic dissimilarities,

generating less evident plateaus. This translated in milder slopes in the correlograms.

GSpace Since the most recent common ancestor is found for every individual in the
sample, individuals from the same GSpace execution can hardly be seen as belonging
to distinct species. As a consequence, in scenarios not under the null hypothesis of
conspecificity, the two groups were generated during different software executions.
The allele pools in the two executions would either consist of the same two allelic
stata (e.g., “A” and “B”), or share only one of them (e.g., “B” and “C” in the second
group) or be completely disjoint (e.g., “C” and “D” in the second group). Theoretically,
a common ancestor can be compatible with distinctness, since two separate lineages
might originate from it due to a range of evolutionary triggers. However, in order to
mimic such a phenomenon, we would have to simulate the process of speciation over
time, which is not possible in GSpace - since one cannot explicitly manage the evolution
generation by generation as in purely forward-time simulators.

GSpace can simulate allelic and DNA sequence data, i.e., supports both allelic and
nucleotidic mutation models. In this study, an allelic model was used, which allows for
whatever number of allelic stata (different alleles in loci). A larger number of possible
allele options implies larger genetic dissimilarities on average, as will be discussed in
sections 1.5.1 and 1.7.1. A longer sequence of loci available for the computation of the

genetic distance, instead, leads to a more concentrated distribution thereof.
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The IBD behaviour in GSpace is obviously influenced by dispersal options - such
as the shape parameter x for the Pareto distribution, but also by total emigration rate,
edge effects and maximum dispersal distance. When k equals 1, individuals are quasi-
panmictic, whereas values larger than 5 induce strong isolation by distance patterns.
Smaller total emigration rates make the execution slower and reduce the effect of the
Pareto shape parameter. To limit the impact of edge effects, map boundaries were set far
from the area where individuals are positioned. Maximum dispersal distance, instead,
was set to the maximum so to more directly regulate IBD behaviour via dispersal
distribution choices.

On top of these parameters, also the mutation rate has a non negligible impact
on isolation by distance. A rate of 50% translates in a narrower range of genetic
dissimilarities, probably because mutations tend to modify the genetic make-up more
than dispersal distributions can tell. With very low rates, such as 5, more and more
zero genetic dissimilarities occur, the reason being that certain individuals never change
their allelic stata and stay identical to their original genetic make-up - which is random
but shared by all individuals generated under the same software execution. The rate
chosen for the simulations thus constituted a nice compromise in order for the dispersal
options to be the main drivers of the desired dissimilarity trends.

In GSpace, simulating one individual in each deme (geographic location) allows to
approximate settings where individuals from a population inhabit a continuous habitat.
However, original applications of GSpace and IBDSim (Leblois et al. ) are related
to population-level analyses, where a community of individuals is generated at each
deme. When more than one individual is simulated at a deme but only one of them
is sampled and used for the analysis, data generation takes much more time and the
impact of dispersal parameters is dampened. All in all, this simulation setting seems

incompatible with the goal of reproducing continuous dispersal across the map.

1.5 Modelling issues

This section offers additional insights on the dissimilarity-based methods introduced in
section 1.3, whose type I error and power properties were examined on simulated data
in section 1.4.

Section 1.5.1 expands on the assumption of linearity in the relationship between
genetic and geographic distances, with insights from real and simulated data. An ad
hoc simulator is introduced to show in a simplified setup how the relationship between
shared allele distance and geographic distance evolves depending on the number of
loci, allelic stata and on the strength of IBD patterns. The behaviour of the single-locus
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shared allele distance - defined in (1.26) - is also studied in relation to more abstract
quantities than the geographic distance, such as a measure of the difference between the
allele frequencies in the two compared loci.

Section 1.5.2 discusses how dissimilarity-based methods are affected by the depen-
dence in the dissimilarities. The role of cluster imbalance (ratio between n; and ny) on
type I error rates is further illustrated, also using Gaussian data. This stresses that the
relevance of these results goes beyond the specific biogeographic application of this
work, as the regression between distances may be of interest in its own right.

Section 1.5.3 further explores the use of permutations, jackknife and bootstrap in
partial Mantel tests. By visualizing the distribution of the partial correlation replicates
they generate under the null hypothesis of conspecificity (as it was operazionalized
in previous sections), some type I error and power properties of these techniques are
clarified.

1.5.1 The assumption of linearity

Methods in section 1.3 assume that the genetic dissimilarities vary linearly with the
(log-transformed) geographic distances. As the literature cited in section 1.1 illustrates,
an extensive list of factors can affect the relationship between genetic and geographic

dissimilarities, making the assumption of linearity problematic. This list includes:

* whether the analysis is carried out at population level, where communities of
individuals are compared, or at the level of the single specimen, as happens in
this study;

* the type of the genetic marker extracted, such as AFLPs, microsatellites, SNPs,
etc. (e.g., Gaudeul et al. ).

* the specific measure of genetic dissimilarity employed - e.g., see the manual to
the SPAGeDi software (Hardy and Vekemans );

* the choice and dimensionality of the geographic distance, which is connected
to the adopted landscape model (Shirk et al. ). In section 1.4, patterns of
isolation by distance were analyzed using a Euclidean distance based on abstract
two-dimensional coordinates. A geodesic distance could be used in real data
applications, where one-dimensional setups (e.g., a river or a mountain ridge)
and three-dimensional setups like oceans can also be of interest. In isolation by
resistance frameworks, more sophisticated landscape dissimilarities are usually
employed. In principle, methods described in this work are compatible with any

of these alternative choices.
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* any transformation applied on either d, or d, (or both), which can be based on
ratios (e.g., Rousset ), logarithms (e.g., Vekemans and Hardy ) or square
roots (e.g., P. Legendre, Fortin, et al. ), etc.

* other factors, such as those mentioned at the beginning of section 1.4.

The shared allele distance takes value in the interval (0, 1), thus linear predictions can
in principle fall outside of the admitted range, especially if large genetic differences
are frequent within a species. In these scenarios, the tests described in section 1.3
might show low power, as genetic discrepancies between groups can hardly be higher
than what is observed within them (Hausdorf and Hennig ). More in general,
the combination of strong IBD behaviour and sufficient geographic separation can
jeopardize similar tests, since even maximum genetic dissimilarities between distinct
species will be explainable according to linear predictions. The natural upper boundary
of the shared allele distance can induce a convex trend in its relationship with geographic
distance, but similar trends arise also when different evolutionary factors act at different
spatial scales (Hutchison and Templeton ).

In this section, examples from real and simulated data are reported where these
characteristics of the relationship between the shared allele distance and the (log-
transformed) Euclidean distance are highlighted. Despite their simplicity, linear models
can still capture the association between genetic and grouping dissimilarities, controlling
for geographic separation - as the simulation study in section 1.4 showed. Indeed, null
hypotheses of zero linear correlation or regression slope can be rejected even if the
relationship is nonlinear but monotonic. Implementations of the methods in section 1.3

based on polynomial regression or rank correlation coefficients are left for future work.

Insights from real data Geo-referenced SNP data from 21 Albinaria virginea spec-
imens sampled in Crete in 2018 was obtained thanks to Prof. Bernhard Hausdorf
(Bamberger et al. ). These individuals come from 9 different localities, thus may
also be analyzed at population-level. The relationship between shared allele distance
and both untransformed and log-transformed geodesic distances is shown in Figure 1.8,
where we spot a positive association. However, individuals from the same locality -
obviously at zero geographic distance - display lower genetic dissimilarities than the
overall linear trend can predict. This is only partially mitigated when log-transformed
geodesic distances are used. Anyway, as far as individuals with positive geographic
distance are concerned, the OLS fit works fairly good.

As regards the data from Gratton et al. ( ), described in section 1.6.1, the related
dissimilarities are reported in Figures 1.1 and 1.14. The linearity of the within-group

relationship between genetic and log-geographic dissimilarities can be assessed by
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Fig. 1.8 Distance-distance plot based on 21 Albinaria virginea specimens (Bamberger et al.
). The applied log-transformation is that in (1.3).

looking at black and red points. While specimens from the Nivalis subgroup were only
sampled at two different locations, there is enough data from the Tyndarus and Cas-
sioides subgroups. The latter shows a fairly linear trend, although also here individuals
observed at the same geographic location are slightly outlying. The Cassioides group is
quite heterogeneous, resulting in a heteroskedastic trend, which however does not depart
remarkably from linearity. Heteroskedasticity is partly mitigated when subpopulations

of the Cassioides group are considered in isolation.

Insights from simulations As it can be seen in many of the distance-distance plots
in Appendix A.l, isolated by distance species simulated with SLiM and GSpace often
showed a nonlinear trend in the relationship between genetic and geographic dissimi-
larities, which was not mitigated by the log-transformation of the latter. The observed
convex trend resembled the fourth relationship hypothesized by Hutchison and Temple-
ton ( ). Nevertheless, as explained above, the violation of this assumption apparently
did not deteriorate the performance of the species delimitation methods in section 1.3
in terms of type I error rate and power.

An ad hoc simulator can be constructed whose parameters more directly influence
the relationship between genetic and geographic distances. Without making reference
to any evolutionary process, this simulator models the allele frequencies in the loci of
the individuals based on their geographic location. A single parameter, 1, drives spatial
patterns of differentiation. Thanks to these features, this algorithm helps study in a

simplified setup how factors like the number of loci, the number of possible allelic stata
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and IBD patterns are related to the (lack of) linearity of the relationship between d, and

dx-

This simulator generates two-dimensional coordinates and P diploid loci by associ-

ating to each locus a spatial linear gradient. Assuming that M allelic stata exist for every

locus, the probability to observe each of them at locus p will depend on the position of

the individual relative to the gradient associated with that locus. By imposing various

allele frequency distributions along the gradients, a range of different IBD behaviours

can be recreated.

More precisely, the algorithm to simulate »n individuals and P loci, all with M allelic

stata, is the following:

i.

il.

iii.

1v.

uniformly sample n two-dimensional coordinates on a user-specified rectangular

area;

set P gradients with random directions: the p'* gradient can be visualized as a line,
passing through the center of the two-dimensional map, along which the probability
to observe the M allelic stata in the p"* locus varies. M equidistant points are found

on each of these lines;

forp=1,...,P, the i’" individual is assigned to the closest of the M points identified
on the p' line, according to the Euclidean distance. In Figure A.17, this is
illustrated for six loci. This is formalized with an assignment indicator cf €
{1,....M},

for m = 1,...,M the probability vector q" = {g/, },v is defined, where

Moo\
m.__
A = ( Z l|m’—m> l|m’—m\ ? (1'23)

m'=1

which satisfies }',y ¢,, = 1, Vm. Note that, form =1,...,M, the vector q™ is the
same across the P loci: the position of an individual with respect to the gradient
informs the distribution of allelic stata along that gradient in the same way for
all loci. Value of the user-defined parameter 1 larger than 1 enforce stronger IBD
patterns in the simulated data. Indeed, given that ¢!’ = m, the larger t, the more likely
it is for individual i to display the m" allelic status at locus p. Consequently, genetic
discrepancies between individuals will grow with their geographic separation,

depending on the number of loci and allelic stata;

the two allelic stata at the p” diploid locus of the /" individual are drawn according
to the multinomial distribution specified in (1.27), using the probability vector q"’f,
fori=1,....nand p=1,...,P.
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In Figures A.18, A.19 and A.20, distance-distance plots based on data simulated with
this algorithm are reported. As anticipated, t > 1 induces a positive association between
the distances, while 1 = 1 yields datasets with no IBD structure. Larger values of P
generate more concentrated trends, whereas more allelic stata increase the average value
of genetic dissimilarities, ceteris paribus. Remarkably, it is evident how dissimilarities
preserve a linear trend as long as the upper boundary of the shared allele distance is
far from their bulk: when M = 1 = 10 the combination of strong spatial patterns of
differentiation and the overall high level of genetic diversity generates extremely convex
trends, that can be barely mitigated via the logarithmic transformation of the geographic
dissimilarities. On the contrary, in di-allelic simulations (M = 2), this transformation
applied on a linear trend sometimes even induces concavity in the relationship between

dy and d. On a side note, when 1 = 10 and P = 5, all 2P + 1 values the shared allele

distance can take - as prescribed in (1.31) - are observed.
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Fig. 1.9 Single-locus expected shared allele distance between two individuals as a function of
the absolute value of the lag between the categories ¢/’ and c? to which they were assigned for
locus p. Panels by value of 1, colours by number of possible allelic stata.

To further characterize how these factors drive the behaviour of dy, the generative
model underlying the algorithm above can be used to study the trend in the expectation
of the single-locus shared allele distance, obtained in (1.34). This is simply the shared
allele distance computed with the information in one locus only. In Figure 1.9, the
value of [£ (d (P)(z;,2 J)) is reported as a function of |c/ — c? |, the absolute value of the
difference between the labels of the categories to which individuals i and individual
j are assigned. The range %f this lag is {0,...,M — 1}. Given the lag, the differences

P

‘£ C. . . .
between vectors qf’ and q I:’ , on which d (P) is based, vary according to the number M
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of allelic stata and the value of parameter 1. As before, we observe that larger M given 1
are associated with larger genetic discrepancies between individuals: larger allele pools
make it easier for individuals to have different genetic make-up at any locus. If M is
fixed, larger values of 1 induce a positive association between lag and expected single-
locus genetic distance, and when the latter approaches its upper boundary, convexity
kicks in. Note that larger 1’s also yield more similar individuals than 1 =1 at zero lag,
because the probability to display the same allelic state is larger.

Since M equidistant points are found on the p" linear gradient, the Euclidean
distance between them depends on M itself and on the height and width of the rectan-
gular area on which individuals are uniformly positioned - see Figure A.17. Hence,
the connection between the lags in Figure 1.9 and the geographic distance between
individuals is indirect. Nonetheless, this visualization offers a general picture of how
the single-locus shared allele distance grows with geographic separation assuming that
genetic variability follows a linear gradient. Results suggest that linearity only applies
for low values of M and 1. However, since the overall shared allele distance is an
average of P such distances, also from Figures A.18, A.19 and A.20 one can see that a
linear prediction will still constitute an acceptable approximation in a fairly wide range
of scenarios.

At a higher level of abstraction, a similar investigation can be carried out by com-

paring the value of E <d (p) (zi,2 J)) with a measure of probability mismatch between
(p) (p)
i J

allele probabilities at locus p and superscripts without brackets are used for powers.

the vectors .’ and q;’. Note that now q(l’) is used to indicate a generic vector of

Indeed, this investigation is not related to the simulator described above, and concerns
the way the shared allele distance between two loci is expected to vary depending on the
differences in their allele distributions. An option to measure this probability mismatch

is the Manhattan distance dq(ql(p ) , q§.p )) = WMl:] |ql(f; ) ‘1%1)

, similarly to what will be
done for the admixture dissimilarities in (2.6). In Figure A.21, the outcome of a Monte
Carlo experiment with 10000 replicates is displayed for M € {2,4,10}. Each row in
ql(p ) was generated in two steps: first, M values were drawn uniformly from the unit
interval; then, these values were used as parameters in a Dirichlet draw, so to generate
M probability values that sum to 1. More in detail, given {u,, ~ Unif(0, 1)}m:1,...,M’

ql(p ) is sampled from a distribution with pdf:

1 M

[T, (1.24)

{um}mzl,...,M) =1

f(q17"'7qM7u17"'7uM):B(
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where each g, lies between 0 and 1, ¥¥_, ¢,, = 1 and the normalizing constant is the

beta function: u
m=1 F(um)

M )
r( m=1 um)
with " being the gamma function, that extends the factorial function to complex numbers.

5.” ), and dq(ql(p ) , qﬁp ) ) is computed. Then, the probability that

the shared allele distance between a locus sampled with allele distribution ql(p )

B({um}m=1,..m) =

The same is done for q

and a
locus sampled with allele distribution qg-p ) takes value 0.5 or 1 is obtained from (1.29)
and (1.30), respectively. As before, the value of the expected single-locus shared allele
distance follows from (1.34).

The charts in Figure A.21 shows that the relationship between these two quantities
highly depends on M, but is always monotonically non-decreasing. £ (d (p)> appears

to be bounded from below by d, (ql(p ),qE.p )) /2, and an upper boundary that changes
with M can also be spotted. Increasing values of M tend to generate more values of d,
close to its theoretical upper boundary, equal to 2. The variability of [ (d (1’)> , Instead,
decreases with d,, but this decrease gets milder as M grows.

The relationship between a’q(ql(p ) , qg.p ) ) and geographic distance can be governed
by any kind of spatial pattern, thus it is hard to relate the trend observed in Figure A.21
with that between genetic and geographic distance. However, this experiment illustrates
how the shared allele distance is expected to vary as the unrelatedness between two

genetic make-ups grows, regardless of what drives it.

Too far to be distinct As anticipated at the beginning of this section, dissimilarity-
based methods that assume linearity are at risk of losing power if the separation between
two IBD groups is too large relative to their within group spatial pattern of genetic
differentiation. Indeed, if the slope in the regression of genetic dissimilarities over
geographic ones is positive, there will be a value of d, such that even maximum shared
allele distances will be explained by isolation by distance. This poses an identifiability
issue, since if maximum values of dy can be explained already within a species, it is not
possible to tell apart one species from two species.

To illustrate this, additional SLiM simulations from the separate distinct scenario
reported in the Figure 1.4 were carried out, where the two groups have 30 and 60
individuals each and 89 loci are available for the computation of the shared allele
distance (bottom-right corner of the chart). In Figure 1.10, the location labelled “B”
is the same as in section 1.4.1, while, for the sake of this experiment, 100 datasets
where the second group is located either in “C”, “D”, “E” or “F” were genereted. One
can see how the raising geographic separation of the groups annihilates the power

of all methods, with the exception of the bootstrap-based partial Mantel test, whose
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Fig. 1.10 SLiM simulation on the effect of group separation. Left: map showing the location of
the first group (A) and five possible locations of the second group: in Figure 1.4, the second
group in the separate distinct scenario (two species, disjoint areas) was located in B. For the
sake of this analysis, 100 datasets with IBD species, large sample sizes and 89 loci for each of
the second group locations from C to F were generated. Right: empirical rejection rates of the
methods described in section 1.3, with panels by transformation of geographic distances.

already mentioned flaws will be further described in section 1.5.3. In general, the
decrease is faster when d, is log-transformed, because this widens the range of within-
group geographic dissimilarities with respect to between-groups ones, leading to larger
estimates for the slope and lower (even negative) intercept updates for between-group
dissimilarities. The ranking of methods stays the same, although MJack deteriorates
faster than MXD when a log-transformation of geographic distances is applied.

The same analysis on scenarios with quasi-panmictic groups (not reported) did not
result in a power loss, which is to be expected given that there is no relationship in the
dissimilarities within the groups - thus isolation by distance can never explain genetic
discrepancies between the groups. This experiment stresses how species delimitation
tests based on dissimilarities are sensitive to the scale of the study and have to be
interpreted in the light of other factors, such as the level of saturation in the within-
group dissimilarities. For instance, microsatellite data tend to generate large shared
allele distances already within the groups, unlike SNP data. Furthermore, Figure 1.10
highlights what difficulties can arise when engineering a simulation study like the one
in section 1.4, since parameter choices have to yield datasets whose geographic scale is
compatible with the spatial patterns of differentiation induced in the species. Only on
this condition, the analysis of type I error rate and power of the inferential tools will be
reliable.
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1.5.2 Dependence

As explained previously in this chapter, in dissimilarity-based methods the assumption
of independence can be hardly defended. The n — 1 dissimilarities involving individual
i, withi =1,...,n, will be dependent by construction, because they are all based on
the information from the i statistical unit in the sample. A way to illustrate this is to
construct an ad hoc experiment with Gaussian data. Suppose three IID observations
are sampled from a P-dimensional Multivariate Normal distribution a large number
of times. Three Euclidean distances can be computed between them, and any pair of
them will have one observation in common. In a simulation where 1000 such pairs
were generated with P ranging from 1 to 20, they showed a Pearson correlation between
0.2 and 0.3, regardless of the value of P. This obviously did not happen when four
observations were sampled and the correlation between pairs of L2 distances not sharing
any observation was computed: in this case the paired distances were unrelated.

The linear regression in (1.22) ignores this association and assumes that the w
dissimilarities can be seen as independent units. On the contrary, the jackknife takes into
consideration the relationship between the statistical unit i and its related dissimilarities,
dropping them altogether for the computation of pseudovalues. The linear mixed model
in (1.21) resorts to random intercepts to describe how genetic dissimilarities involving
the #* unit tend to deviate from their average at a given geographic distance. As pointed
out in section 1.3.3, this can only model the dependence structure due to pairwise
relationships, while more complex interactions between more than two individuals
are not captured. The triangle inequality, for instance, establishes that d,(z;,z;) <
dy(z;i,zx) +dy(z},2x), Vk # i, j - see the proof in Appendix B. In principle, this upper
boundary is not guaranteed by the linear mixed model. Experiments on SLiM data
(not reported) show that there is no significant relationship between each d,(z;,z;) and
the sums d,(z;,2z;) + d,(z;,z;), Vk # i, j, that bound it from above, although a positive
association can be spotted especially in quasi-panmictic scenarios. All things considered,
the generative model in section 1.3.3, which can even yield negative dissimilarities, is
not fully compatible with the nature of dissimilarities.

Permutations and bootstrap, being non-parametric, circumvent these issues. How-
ever, when used for assessing the significance in partial Mantel tests (section 1.3.2), they
might introduce a distortion in the distribution of the partial correlation coefficient under
the null hypothesis that its true value in the population is zero. Not only permuting
rows and columns of D, leads to zero partial correlation, it also removes any association
between Dy, and both D, and D,, which might cause type I error inflation. As regards
the bootstrap, by resampling individuals with replacement, it generates datasets under

the null hypothesis that often have more zero dissimilarities than the original ones.
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The methodologies in 1.3, each with its own limitations, attempt to take the depen-
dence in the dissimilarities into account by making a diverse set of assumptions. Despite
the limitations, results in section 1.4 showed that only bootstrap-based PMTs were
consistently off in terms of type I error - see section 1.5.3. The LM in (1.22), which
neglects dependence, displayed inflated type I error rates only in SLiM simulations with
unequally-sized groups. The remainder of this section delves into the drivers of this
behaviour.

Recall that, although they deal with the dependence structure in the dissimilarities,
these methodologies assume that the » individuals in the dataset are independent, which
is obviously irrealistic when individuals belong to the same species. This is a limitation
of individual-level analyses with respect to population-level ones, whose investigation

is left for future work.

Experiments with Gaussian data The behaviour of the linear regression model
neglecting dependence can be investigated using Gaussian data in order to clarify
whether results displayed in section 1.4 are reproduced out of that specific data scenario.
In this experiment, for each individual i = 1,...,n, vectors X; = {Xip},, Yi = {Yip }p ~
A (0,Ip) are sampled and used as raw data for the computation of distances. Given
individuals i and j, Euclidean distances dx (i, j) = \/Zf;:l(Xip —Xjp)? and dy (i, ) =

\/ ):5:1 (Y;p —Yjp)? are obtained, which will be respectively used as dy and dy were
used in previous sections. Grouping information is then introduced by allocating the
n individuals to two groups, whose sizes are either n; = ny or np = 2n;. With data
labelled accordingly, a grouping distance d, is computed as explained in section 1.2.

A simple linear regression can be fitted:
dy(i,]) = by +bidx (i, ) +€(i.j) i# ], (1.25)

where £(i, j) is assumed to be IID normally distributed with zero mean. The null
hypothesis of interest is that bI = 0, tested against bI > ( using standard regression
t-tests. The presence of positive association between dy and dx can be also assessed by
testing the null hypothesis that their Pearson correlation is not larger than zero. This can
be done either via a simple Mantel test, as available in packages vegan (Oksanen et al.
) or ecodist (Goslee and Urban ), or via jackknife resampling, similarly to
what is done in section 1.3.2 for the partial correlation coefficient.
Testing for the presence of positive correlation between dy and d, while controlling
for dy is also of interest. Hence, the model in (1.22) can be fitted replacing d, with dy
and d, with dx, and the null hypothesis that b5 = 0 can be tested against b5 > 0. This
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Fig. 1.11 Rejection rate out of 1000 tests on distances dy and dx based on n P-variate normally
distributed coordinates {X;};—1,. , and {Y;}i—i__,. Jackknife and simple Mantel are tests
on Pearson correlation, LM tests bJ{ = 0in (1.25). In the top panel, each group is made up
of n/2 individuals, whereas in the bottom panel n; = n/3 and n, = 2n;. Vertical panels by
value of P. Cells are coloured in green for values equal to or lower than 0.05, in gold for
values between (0.05,0.062) and in red for values above 0.062. The threshold 0.062 is chosen
because P(B > 62) < 0.05, where B is distributed as a Binomial RV with size 1000 and success
probability 0.05.

can be compared with the permutation-based and jackknife-based partial Mantel tests
described in section 1.3.2.

The significance level adopted for all these tests is 5%.

In Figure 1.11, results for jackknife and simple Mantel tests on r(dy,dy) and
standard regression t-tests on the OLS estimate lAﬁ are reported for settings with equally
and unequally sized groups, three total sample sizes n and four values of P. Each
combination of these settings was used to generate 1000 datasets and empirical rejection
rates of the three tests were recorded.

As explained above, the data in {X;};—; _, and {Y;};— ., was generated inde-
pendently, therefore dy and dy can be expected to show no association. Despite this,
standard linear regression t-tests rejected the hypothesis that b;r = 0 too often with re-
spect to the adopted significance level, with rates that rose with n. This is not surprising,
since LM assumes IID errors, neglecting the dependence structure in the dissimilarities.
On the contrary, jackknife and simple Mantel tests that take this dependence into ac-
count showed empirical rejection rates close to 5% - with the exception of the scenario
with ny = np =45 and P = 50.

In Figure 1.12, results for MJack and PMantel on r(dy,d,|dx) and standard regres-
sion t-tests on the OLS estimate 133 are reported for the same scenarios of Figure 1.11.
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Fig. 1.12 Rejection rate out of one thousand tests on distances dy, dx and d, based on n P-variate
normally distributed coordinates {X;};—1 ., and {Y;};=1 ., grouped as explained in the text.
Method names as in section 1.4. See Figure 1.11 for further description.

The data generating process in this section is also compatible with the hypothesis that
dy and d, are not associated even after controlling for dy, thus these empirical rejection
rates help assess the type I error rate of the compared tests.

Consistently with results in section 1.4, rejection rates of jackknife-based partial
Mantel tests were very low in all scenarios, whereas those from permutation-based
PMTs were often borderline (significantly above 5% in one case). Also here, LM
showed nice type I error properties when the groups were equally sized, whereas type |
error inflation occurred with unequally sized groups. Rejection rates rose with n, show-
ing that neglecting the dependence in the dissimilarities leads to the underestimation of
the standard error of lA)E. The value of P did not seem to have a systematic impact on the
tests.

The fact that cluster imbalance drives the type I error of the LM in (1.22) is thus
confirmed for Gaussian data, too. This behaviour also applied to SLiM simulations,
while it was not as apparent on GSpace data. Additional experiments on GSpace
data (not reported) showed that this was not due to the fact that the two groups were
geographically segregated under the split scenario, unlike in SLiM’s split scenario.
Moreover, the specific ratio nj /ny was also not impactful in this sense.

Future work will have to clarify whether the effect of cluster imbalance is related
to the computation of the grouping distance. For instance, consider an experiment
where a Bernoulli RV with success probability 7 is used to assign individuals to one
of the two groups. Adopting the notation from section 1.2, three group membership



56

Approaches with known groups

labels z;,z} and z; can be generated a large number of times, similarly to what was
done with Gaussian triplets at the beginning of this section. When 7 = 0.5, individuals
have the same probability to belong to the two groups, so in the long run the groups
will be equally sized. When generating z7,z and z; 1000 times with & = 0.5, grouping
distances 1(z{ # z§) and 1(zf # z;) showed no association, despite having individual i
in common. This did not happen with & £ 0.5. Is this connected with how the type I

error rate of LM in Figure 1.12 changed with cluster imbalance?

1.5.3 On partial Mantel correlation replicates

In section 1.3.2, the significance of the observed value of r(D,,D,|D,) was assessed
using either permutations, jackknife or bootstrap. Permutations represent the traditional
tool to do this in (partial) Mantel tests (Mantel ; Smouse et al. ), and imply the
resampling without replacement of rows and columns of the only D,. For the jackknife,
instead, one subsets matrices Dy, D, and D, by removing rows and columns referring to
the individual dropped each time. The bootstrap applies resampling with replacement
to all these three matrices. By adopting different strategies, these techniques generate a
distribution of 7(Dy,Dg|D,) under the null hypothesis that its true value in the population
is zero. The information from this distribution is then used for inference: in this work,
quantiles of the permutation distribution were compared with the original coefficient,
bootstrap replicates served the construction of a confidence interval, and a t-test was
carried out based on jackknife pseudovalues. Here, the features of the distribution of
r(Dy,D,|D,) obtained through these methods are dissected in order to comment on
some type I error and power properties they showed in section 1.4.

As exemplified in Figures A.22 and A.23 for SLiM scenarios with equally and
unequally sized groups, the differences between these methods can already be seen from
the way they replicate distance-distance plots. Jackknife replicates are of course rather
similar to the original ones, they just contain n — 1 less dissimilarities. On one hand, this
brings about the smallest impact on the dependence structure originally observed in the
data. Any IBD pattern or clustering of genetic distances will be preserved. On the other
hand, this limits the number or replicates that can be obtained to the size of the sample,
n. In contrast, up to n! replicates of the test statistic can be obtained via permutations.
This constraint might explain in part the lack of power of MJack and constitutes the
main reason why it is often impractical to compare the observed correlation value with
the quantiles of the distribution of jackknife pseudovalues: for instance, if n < 21, at
5% significance level, a rejection of the null hypothesis could occur only if the original

partial correlation were to be larger than all its pseudovalues.
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Fig. 1.13 Empirical distribution of 1000 bootstrap replicates of the partial correlation for eight
SLiM datasets with n = 30 and P = 89. Panels by ratio of group sizes, IBD behaviour and
conspecificity scenario. A vertical red line is drawn at the value of the original partial correlation
coefficient, while a blue line indicates the selected lower boundary of the BC confidence interval.
When this blue line lies on the right of value 0, the bootstrap-based PMT rejects the null
hypothesis of conspecificity.

Bootstrap dataset replicates also look quite similar to their original counterparts.
However, the generation of cloned individuals implies that fewer unique values in Dy and
D, are usually spotted and, much more importantly, zero distances appear even if they
were not present in the original dataset. When quasi-panmictic species are considered,
these zero distances often constitute outlying data points on the distance-distance plots
(see the first and third plot on the last row of Figures A.22 and A.23). On top of this,
they are always associated with a zero grouping distance, because clones belong to
the same group. These outlying distances will thus cause the average within-group
genetic dissimilarity to be substantially lower than its between-groups counterpart. In
conspecificity scenarios, this gap will often lead to values of r(Dy, D, |D,) larger than
the original one. As a result, most of the distribution of bootstrap replicates of the
partial correlation will fall on the right of value 0. This might lead to the selection of a
confidence interval lower boundary larger than zero, producing a rejection of the null
hypothesis of conspecificity - as is the case in the first plot of Figure 1.13.

More in detail, since bias-corrected bootstrap Cls adjust the percentile to be selected
as lower boundary according to how far the observed partial correlation falls with
respect to its median bootstrap replicate, the issue caused by zero distances will be
partly mitigated by the choice of percentiles below 5%. Indeed, evidence from the
simulations in section 1.4 (not reported) suggests that this was the reason why bias-
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corrected Cls were superior to standard percentile ones (Efron and Tibshirani ,
ch. 13) in terms of type I error rate. Clearly, no bias correction can help if the whole
empirical distribution of correlation replicates consists of positive values, and a rejection
will follow necessarily. Recall that the lower boundary of bias-corrected bootstrap is
chosen to be a percentile (of the empirical distribution of bootstrap replicates) below 5%
if the original correlation is lower than its median bootstrap replicate, while a percentile
larger than 5% is chosen otherwise. As it can be seen from the distinctness scenarios
reported in Figure 1.13, this could even lead to the selection of CI lower boundaries
above the median bootstrap replicate.

Despite the distortion due to the introduction of an inflated number of zero distances
in the bootstrap dataset replicates, a cursory inspection of the histograms in Figure
1.13 suggests that a test with better type I error properties might be constructed by
avoiding confidence intervals. That is, an alternative way to assess significance using
the bootstrap could be to compare the original partial correlation with the quantiles of
its bootstrap replicates, as it is done with permutations, instead of looking at the lower
boundary of the bias-corrected CIs. A systematic assessment of this approach is left for
future work.

As regards permutations, in Figures A.22 and A.23 these display the most striking
differences with respect to the original plots, as both the association between D, and
D, and that between D, and D, are disrupted. Namely, in scenarios with IBD co-
specific individuals, any positive correlation between genetic and geographic distances
is cancelled. Moreover, between-groups dissimilarities (colored in green) cease to be
clustered. In particular, the fact that any IBD behaviour is lost through the permutation
process enforces a null model that is stricter than what the null hypothesis prescribes,
i.e., that the true value of r(Dy,D,|D,) in the population is zero. In Figures A.24 and
A.25 it is shown how not only the permutation distribution of (Dy,D¢|Dy) is centered at
zero, but also the distribution of r(Dy,Dy) and r(Dy,D,) is. This can happen regardless
of the IBD behaviour and the conspecificity setup, and when the original value of
these simple correlations is larger than zero, its permutation distribution appears to
be slightly skewed on the right. These charts help visualize how permutations act on
the dependence structure in the data by erasing any correlation the genetic distances
might have with geographic or grouping distances considered separately. This is not
implied by the use of the jackknife and might partly explain why the type I error rate of
permutation-based PMTs was often borderline - also in section 1.5.2. On a side note,
the empirical distribution of permutation replicates for these datasets looks bell-shaped
with sufficiently large n and P. This was also the case for the jackknife (not shown),
where significance is assessed via a t-test for which pseudovalues are assumed to be

asymptotically normal.
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Fig. 1.14 Log-transformed geodesic distances vs. shared allele distances for the four pairs of
groups indicated in Table 1.1 but not shown in Figure 1.1 from the brassy ringlets data. The
black circles (first group) and red triangles (second group) show distances between pairs of
individuals belonging to the same group. The green diamonds show the distances between two
individuals belonging to different groups.

1.6 Real data analysis

In this section, real data from Gratton et al. ( ), later examined also by Hausdorf

and Hennig ( ), is analyzed with the methods introduced in section 1.3.

1.6.1 Brassy ringlets

Gratton et al. ( ) discussed the biological delimitation of a taxon of butterflies
(brassy ringlets; Erebia tyndarus complex, Lepidoptera) endemic to Southern Europe,
the Altai Republic and the Rocky Mountains. They studied the morphological, genetic
and geographic information of 45 individuals netted during the summer of 2012 across
the Italian Appennines, the Alps and the Pyrenees. Four subgroups of this clade
were represented in the sample, namely E. Tyndarus, E. Nivalis, E. Calcaria and E.
Cassioides, with the latter possibly divisible in three populations according to the area of
collection. After selecting a subset of 389 diploid loci, they applied k-means clustering
on the principal components obtained from the genetic data, Bayesian model-based
clustering using the STRUCTURE software (Pritchard et al. ) and coalescent-based
Bayes factor delimitation (Leaché et al. ), integrating their results by examining
the isolation by distance behaviour and morphological differentiation of the individuals
in each putative cluster. The study in Gratton et al. ( ) did not only back up the

distinction between the four groups mentioned above from a genetic point of view, but
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Table 1.1 Results from all methods compared here on the brassy ringlets data.
For the three tests in HH20, p-values are reported (two of them are given for
Hpz when discordant); p-values are reported for PMantel, MJack and LM,
too; for MXD and BC, confidence intervals are reported for the b, regression
coefficient and the partial correlation coefficient, respectively: if their lower
boundary is larger than zero, the null hypothesis is rejected.

Groups compared ‘ Hy; Hy, Hy; PMantel MJack MXD LM BC
E. Tyndarus vs E. Nivalis | 0.074 <1073 n.a. 0.001 <1072 (0.296,0.306) < 10~'3  (0.983,0.995)
E. Nivalis vs E. Cas-| 0.094 <107 na. 0.001 <107 (0.378,0.389) ~0 (0.972,0.988)
sioides

E. Tyndarus vs E. Cas-| <10 na.  both< 1072 0.001 <1079 (0.345,0.352) ~0 (0.977,0.986)
sioides
E. Cassioides: W_Alps + | 0.487  0.004 na. 0.001 <1075 (0.025,0.036) < 107'7  (0.493,0.745)
Pyrenees + N_Apennines
vs Orobian + E_Alps

E. Cassioides: W_Alps + | <10™*  na.  0.098;0.004 0.002  0.015 (0.030,0.045) <107 (—0.148,0.552)
Pyrenees + N_Apennines
vs Central + S_Apennines

E. Cassioides: Central +| 0.144  0.009 na. 0.001  <107* (0.041,0.066) <10~  (0.477,0.484)
S_Apennines vs Orobian

+E_Alps

E. Cassioides: 'W_Alps 1 <1074 na. 0.001 <1078 (0.020,0.029) <1072  (0.329,0.618)

+ Pyrenees + ALL
Apennines vs Orobian +
E_Alps

also supported further differentiation within the Cassioides group among the Eastern
and Orobian Alps population, the Southern and Central Appennines population and the
population inhabiting Northern Appennines, Pyrenees and Western Alps.

Hausdorf and Hennig ( ) applied their testing protocol to this data in order
to replicate and deepen the IBD investigation carried out by Gratton et al. ( ).
With the exclusion of the Calcaria group, which could not be examined due to the
small sample size (only 3 specimens), the distinction among the groups was confirmed.
The classification within the Cassioides group, instead, was slightly amended: HH20
suggested that there was no evidence of distinctness between the Southern and Central
Appennines population and the population inhabiting Northern Appennines, Pyrenees
and Western Alps, whereas the genetic dissimilarity between these populations taken
together and the Eastern and Orobian Alps population was too large to be explained by
isolation by distance.

In Table 1.1, the results from all methods involved in this study are reported.
See Figures 1.1 and 1.14 for the dissimilarity data on which these comparisons are
based. The only non-rejections of the null hypothesis of conspecificity occurred for E.
Cassioides: W_Alps + Pyrenees + N_Apennines vs Central + S_Apennines (middle
panel in Figure 1.1) by the bias-corrected bootstrap-based partial Mantel test (the CI
contains 0) and the larger one of the two group-wise p-values for Hyz by HH20.
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In all other cases, all methods agreed upon the distinctness results, confirming the
conclusions shared by Gratton et al. ( ) and Hausdorf and Hennig ( ) - including
also the distinction between the Western and Appennines populations versus the Eastern
and Orobian populations (last row in Table 1.1). According to the evidence collected
in this study, not only the E. Tyndarus, E. Nivalis and E. Cassioides groups should be
considered distinct: also the three subgroups identified within the E. Cassioides group,
namely the Eastern and Orobian Alps population, the Southern and Central Appennines
population and the population inhabiting Northern Appennines, Pyrenees and Western

Alps, display a genetic structure that cannot be explained by their geographic separation.

1.7 Properties of the shared allele distance

As a measure of similarity, Bowcock et al. ( ) looked at the proportion of alleles
two individuals share at a given locus, then averaged this proportion across all P loci.
By subtracting this quantity to 1, the shared allele distance is obtained, which was used
in this study also because of its intuitive interpretation. Building on its definition, this
section deepens some features of the shared allele distance.

In section 1.7.1, some probabilistic properties of the shared allele distance in
simplified setups are outlined. The occurrence of specific alleles in loci is modeled
with a multinomial law and combinatorics arguments are employed to determine the
probability mass function of the shared allele distance. In section 1.7.2, central limit
theorems are applied to describe the asymptotic behaviour of this distance as the number
of loci or the number of individuals diverges. Results are compared with simulations,
also from the SLiM software.

1.7.1 Probabilistic description

By looking at (1.2), we notice that:

1 P
dy(z:,2;) = 2{1 S|z nz?| [1+]1(yzp\+yzp\—z)]
i (1.26)
1 P
—de Z;,Z;)
P&

(p) (

where d}"” (z;,z;) is the shared allele distance (shald, for short) between individual i
and individual j based only on the p” locus. So, the overall shared allele distance is

the mean of the P single-locus shared allele distances. The single-locus shald can only
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take value 1 when there is no allele in common between the loci being compared, value
0.5 in case of partial overlap (no matter the ordering) or O in case of complete match.
Throughout section 1.7.1, let us assume that the probability of any of these three values

does not change across the P loci:

po="P (dy(p)(z,-,zj) = 0>
ps—=P (dy(p) (21,2;) =0 5)
p=P (dy(p)(z,,zj) = 1)

with p =1,...,P. The value of dy(p ) (zi,zj) is based on the comparison of the genetic
make-up of individuals i and j at locus p. Assuming that M different allelic stata
can be observed at each diploid locus, their occurrence can be modeled as a random
experiment. Suppose that each allelic status m, with m = 1,..., M, has probability
gm of being observed. Since these loci can be homozygous (i.e., same allelic status
appears twice in a locus), they can be modeled using two independent extractions with
repetitions based on the same vector q; = (g1, ..., qim), With Z%: 19im = 1. Assuming
that the same allele distribution applies to the extraction of all P loci from individual i,
we can say that

L) ~ Multinomial(n = 2,q;) Vp. (1.27)

That is, before we observe the genetic information carried by individual i, each of its P
(p)

loci, L;”, is a Multinomial random variable with two trials and vector of probabilities

q;. If we denote by H () the number of times allele m is extracted for individual i at

” )

locus p, the probability that the observed value of locus L;"" is Zf can be expressed as:

P(Lz(p) =Z")=P(Hy = hir, ..., Hiy = himr)

2 i _ " B
— hil!“‘hiM!qill e qi[(/l if Zm:l him =2
0 otherwise,

where we dropped the superscript referring to the p* locus to keep notation light.
Clearly, also the loci from individual j can be assumed to follow a Multinomial distri-
bution, with a (possibly) different vector of probabilities, q;.

Given the probability to get any locus starting from the allele frequencies, it is
possible to dissect the situations that will lead to the each of the three values the single-
locus shald can take. Once again, in all loci from individual i, allelic stata are assumed to
have the same probabilities of occurrence, stored in ;. Let us start from a’y(p ) (zi,z;) =0:
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» the probability to get an homozygous locus containing the m'" allele twice is
equal to q%m for individual i: the probability that individual j will have that same
locus is q?m. As a consequence, the probability of minimum distance between

homozygous loci is:

& 2 2
Z%’mq]‘m;
m=1

* the probability to get an heterozygous locus, made up of allele m and allele n?/,
with m # m', is 2qimq;,y for individual i and 2g g jm for individual j, so the

probability of null shald between heterozygous loci is:

M
Y Y CaimGin) 2ajmajm)-

m=1m<m’

Overall, when comparing individual i and individual j at a given locus p, we obtain:

M
o= Y |Gondin+ Y. AimGin@jm%jm | - (1.28)
m=1 m<m’
The same reasoning can be applied to retrieve the cases that will lead to a single-locus
shald equal to 0.5:

* a homozygous locus can lead to such value only if the other locus is heterozygous

and contains the relevant allele, event that has probability:

M M
Y @t Y dimdimw =Y Gdim(l—qjm);

m=1 m'#m m=1

* heterozygous loci with allele m and m’ will display partial overlap with the two
relevant homozygous loci (one for m and one for m’) and with heterozygous loci
containing one of these two alleles, but not both. Given an heterozygous locus for
individual i (whose probability is 2¢;,g;, ), the probability that the corresponding

locus for individual j will share only one allele is:

Tt G+ Y, Caimjo+24jmjo) = Tom~+ @ +2(@jm+@jm ) (1= jim— G jur) -

o£m.m’
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Table 1.2 Nine possible combinations of two single-locus shald’s and corresponding

value of their sum §,.

A 0 0 0 05 05 05 1 1
a4 0 051 0 051 0 05

1
1

S 0 05 1 05 1 15 1 1.5 2

As aresult, after some simple algebra, we obtain:

Z 2G5 jm (1 = @jm) + 20im Y, Qi (2 jm ~+ 20 i — T — Do

m=1 m<m’

and the shortcut to calculate the remaining probability is:

pr=1-po—ps.

— 44 jmq ju)

(1.29)

(1.30)

In this way, starting from some assumptions on the distribution of the alleles, the

probability that the comparison between two individuals at a given locus yields each

of the three possible values of the shald was reconstructed. The interest is in the

distribution of the overall shared allele distance, which is the mean of the P single-locus

shald values.

We now prove by induction that the sum of P single-locus shald’s can take 2P + 1

distinct values:

« recall that the single-locus shald (P = 1) can take three values, 0, 0.5 and 1;

* when P = 2, we expect to find five distinct values. Let us denote the sum of P

single-locus shald values with:

P
Sp=Y dV
p=1

Each comparison of loci from two individuals can return three shald val-

ues, so there will be 9 possible cases, reported in Table 1.2, leading to S, €
{0,0.5,1,1.5,2}. A trend can be spotted: the sequence of distinct values for the
sum of P single-locus shald values goes from 0 to P with steps equal to %;

 for b € N, let us assume that the number of distinct values when P = b is indeed
2b+ 1. We need to prove that, when P = b + 1, this count grows to 2b + 3.
We noticed that S, takes value in {0,0.5,...,b—0.5,b}. Now, three things can

happen with the additional single-locus shald value: either it is equal to 0 and
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we get again the same sequence of values from O to b, or it takes value 0.5 and
thus the resulting value of S, belongs to the set {0.5,1,...,b,b+ 0.5} (with
the only new distinct value being b+ 0.5) or it takes value 1, leading to a set of
possible values for S, 1 equal to {1,1.5,...,b+0.5,b+ 1} (where the novelty is
b+ 1). We navigated all possible cases and the only new distinct values that Sj,
can take with respect to S;, were b+ 0.5 and b+ 1: so we get a count of distinct
values equal to 2b+ 142 = 2b+ 3, as expected.

Therefore, we proved that:
P

s: Y " =s5,d €{0,0.5,1} | =2P+1. (1.31)
p=1

Thus, when averaging P single-locus shald values there will be 37 possible distance
value combinations that will lead to 2P + 1 distinct overall shald values, whose proba-
bility needs to be determined.

It is crucial to recall that the single-locus shald is here assumed to be independent
and identically distributed Vp: allele frequencies do not vary across loci and all loci
are independent. In biology, independence among loci is related to the concept of
linkage equilibrium (Waits and Storfer ). In this simplified setup, the multinomial
distribution can be exploited once again: in each of the P trials, one value of the single-
locus distance is extracted according to the vector of probabilities p = (po, p.5,p1). By
denoting with Ay the number of zero distances among the P ones and by dy its observed

value (and likewise for 8 5 and 6y), it is possible to specify:

P(Sp=1s5) =P(Ag = 0p,A5=065,A1 =)

85 & .
_ | sdmne s ey if &+0d5+6 ="
0 otherwise.

This does not suffice to describe the probability of the 2P + 1 values of the overall
shald, because different outcomes of this multinomial experiment will lead to the same
distance value. We need to aggregate the related probabilities, because each shald
value is associated with the union of these events. It can be beneficial to visualize
this problem by means of the layers of Pascal’s pyramid, which are closely related
to trinomial expansions. The trinomial we are expanding, (po + p.s + p1)’, leads
to %’(P + 1) terms which we can arrange as in Figure 1.15, where the case P = 3 is
considered: by putting p 5 on top, we get that the values of d, grow from left to right
and that the natural arrangement of the expansion terms in columns helps us retrieve

the addends to be aggregated in order to obtain the probability of each shald value.
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Fig. 1.15 Terms from the trinomial expansion with P = 3 arranged in a triangle. By summing
the values in each column we get the probabilities specified at the bottom.

Having grasped this, we need a rule to identify the addends for aggregation. To this

aim, we define the following set:
Fsp={6T7=(8,65,61):8"t=5A\8+ 65+ =P} (1.32)

where tT = (0,0.5,1) and s € {0,0.5, ... ,P}. .7 p is the set of all vectors of observed
counts 8" that sum to P and whose resulting Sp is equal to s, which is one of the
possible 2P + 1 values the measure can take.

Thanks to this definition, we can now compute the probability that the sum of P

single-locus shald values equals some value s:

P! 55 8
P(Sp=s)= Y SI5o15 'pgop55p11. (1.33)
écSp

Of course, this is also the probability that the overall shared allele distance takes value

s/P, which is the genetic distance of our interest.

1.7.2 Asymptotic results

As it is apparent from (1.26), the shared allele distance is the average of P discrete

random variables (RVs) that take value O with probability p(()p ), value 0.5 with probability

p%’ ) and value 1 with probability pgp ) To begin, we can assume that these P RV are

independent and identically distributed. Identity in distribution, instead, implies that the
(p) (p)

vectors of allele probabilities ;"” and g j are the same for every locus. By adapting

(p) (p) (p)

the notation to these assumptions, we can write py~ = po, p5’ = p.5 and p;~ = p; for
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p=1,...,P. In this section, to ease notation, the subscript y of single-locus shared allele
distances is dropped. If we denote by d(!) the first single-locus distance (distributed as

all the others), we can compute its expected value and variance:
M) = Lp (40 = 1 _1)=Ps
E(d _EP dV=05)+P(d" =1 —7+p1,

N (d(1)> =E ((d(l))z) ~E (d(l))z =pi+ % —pi— pT?S —pspi-

(1.34)

The expected value is bounded between O (when pg = 1) and 1 (when p; = 1), whereas
the variance is bounded between O (when all the probability mass falls on one of the
three possible values) and 0.25 when pg = p; =0.5.

Now, given the IID sequence {d (p) }p=1,....p, we will have

E d(P)) =Y E(d?) =pPE(aV),
(L) ~ga(a) - ra(a)
\% d(P)) —VYv(d?P) =pv(qV
(L) =g () = v (a)
and the classical central limit theorem will apply (Billingsley , p- 357):

Y, dP) — PE (d(1)>

= A4(0,1). (1.35)
PV (d)

By the delta method, this amounts to claim that the overall shared allele distance

v ()

P (1.36)

@:%?%mﬁw/E@my

That is, under the IID assumption, when the number of loci P goes to infinity, the
distribution of the shared allele distance converges to a Normal distribution with mean
equal to the single-locus shald expected value and variance equal to the single-locus
shald variance divided by P.

The hypothesis of identity in distribution can be relaxed. Suppose we have P
different vectors ( pép ) , p.(g') ) , p(lp ) ), resulting in P different values of E (d (1’)>, which we
assume to be known. We can subtract these expected values to each distance in our
sequence {d(p)}pzl./“wp so to get a new sequence, say, {X,,} ,—1..._p,such thatE (X,) =0
for every p = 1,..., P and the whole sequence is bounded by 1. Note that centering
does not alter the variance of the elements in the sequence, thus V (X,,) =V (d (p )> for
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every p. We assume that the variance V (¥, X,) =Y,V (X,) =Y, E <|Xp|2> goes to
infinity as P grows. In this situation, the Lyapunov’s condition is verified for § = 1
(Billingsley , p- 362):

r E(1F) < PLE(1%P) B 1
B o)™ e e

This amounts to say that

— 0. (1.37)

Y,X, _ Zpd(p) ~-Y,E (d(p)>
ne(nf)  VEE)

= 4(0,1), (1.38)

which boils down to (1.35) if there is identity in distribution.

It is crucial to remark that here we are considering two unrelated individuals whose
P loci are being compared, thus it is the number of loci that diverges. If a very large
number of non degenerate single-locus shared allele distances is available to compare
the genetic make-up of two unrelated individuals, we expect the overall shared allele
distance to be approximately normally distributed.

In practice, this is not the usual situation when working with dissimilarity data.
What we observe is a set of n individuals and we compute the w = n(n — 1) /2 genetic
dissimilarities among them, which, by construction, will not be independent - see
section 1.5.2. Let us consider the asymptotic distribution of these w dissimilarities.

If the number of individuals 7 is even, we can allocate them into n — 1 groups where
each individual appears only once and is coupled with another individual: by doing
s0, the n/2 dissimilarities between paired individuals in each group will be unrelated.
By repeating this until all dissimilarities in the dataset have been assigned, the w
dissimilarities can be partitioned into n — 1 groups of size n/2. Although dissimilarities
within each group will be independent, every group will share some information with
any other group because each individual will be present in more than one group. If
n is odd, n groups of (n— 1)/2 unrelated dissimilarities can be formed. This way of

partitioning the w dissimilarities was already hinted at in Bohonak ( ). We can



1.7 Properties of the shared allele distance 69

visualize this with n = 7, where we spot 7 groups of 3 dissimilarities,

dy(ZhZZ)

dy(21,23) dy(22,23)

dy(z1,24) dy(22,24) d\(23,24)
dy(22,25) dy(23,25) dy(24,25)

dy(21,2¢) dy(23,26) dy(24,26) dy(25,26)

)
dy(21,27) dy(22,27) dy(23,27) |QAEANERN Iy (25.27) dy(26,27)

and with n = 8, where we can see 7 groups made up of 4 dissimilarities:

dy(z1,23) dy(22,23)

dy(21,24) dy(22,24) dy(23,24)

dY(ZZ7Z5) d)’(z37z5) dy(Z4,Z5)

dy(23,26) dy(24,26) dy(2s,20)

dy(24,27) dy(2s5,27) dy(26,27)
dy(zs,23) dy(26,23) dy(27,23)

dy(z1,27) dy(22,27)
dy(z1,2z3) dy(22,23) d\(23,2g)

Note that the groupings displayed here are arbitrary as other allocations of the dissim-
ilarities into groups are possible that fulfill the unrelatedness requirement explained
above. Since we are now studying the asymptotic behaviour for n — +oo (while P is
fixed), the odd versus even distinction is not crucial. We will consider the array we need
when n = 7 (odd): let us arrange the 21 dissimilarities into 7 rows of 3 elements each:

dy(Zl,Zz) dy(Z3,Z7) dy(Z5,Z6) d]71 d] 2 d] 3
dy(21,23) dy(24,26) dy(25.27) by dap do3
dy(z1,24) dy(22,25) dy(23,2¢) di1 d3p d33

= dy1 dsp daj
dy(Zl,Z6) dy(Z3,Z4) dy(Z2,Z7) d571 d572 d5’3
dy(z1,2z7) dy(22,24) d\(23,25) de1 dep dej
dy(z2,23) dy(z4,25) dy(z6,27) d11 dip di3

J/

-~

7x3

where each row is a collection of shared allele distances based on disjoint pairs of
individuals. Following (Billingsley 1995, p. 359), we can assume without loss of

generality that these w elements have zero mean: indeed, we can fill the array with the
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centered version of the dissimilarities,

X1 o Xim-1)2
X1 o Xo(ne1)2 (1.39)
Xn,1 X (n-1)/2

where X, , = d, , — E (dm,h), form=1,...,nand h=1,...,(n—1)/2. Each X, , has
zero mean, finite variance and is bounded by 1. We can now define

G;i,h =E (anm)
(n-1)/2
51%1 = Z Gr%,ha
h=1

where the latter is the sum of the variances of the elements in the m'" row and is assumed
to be positive for large m. The number of rows diverges when the number of individuals

n diverges, so in Lyapunov’s condition with 6 = 1 we can write

("—1)/2E(|Xm,h|3>< . L E(x2,) lim =0, (140
N /7 i =,am =Y '

lim 3 < 3
Sin n—>—o00 S n——+o g,

n—r—+oo

h=1

since the number of positive addends in s,, is (n — 1) /2. This proves that:

(n—1)/2 02y n1)/2g
1 Z Xm,hzZ Z’“ L (d’”’h) = 4(0,1), (1.41)
Sm p2) \/Z” 1/2 mh)

identifying an asymptotic distribution for the average genetic dissimilarity even in real
datasets where dissimilarities display dependence because of the way they are computed.
Note that we assumed nothing about the number of loci P on which each d,,, , is based,
although these dissimilarities cannot be degenerate, i.e., have zero variance.

In Figure 1.16 we can visualize how closely the empirical distribution of the shared
allele distances based on n individuals and P IID loci resembles the asymptotic distribu-
tion described in (1.36). This data was generated by randomly imputing diploid loci to
the individuals, with four equally likely allelic stata, thus there exists no relationship at
all among the individuals and the only dependence embedded in the genetic dissimi-
larities is due to their computation. We can see how, with small P, the kernel density
estimation based on the w dissimilarities is wiggly because there are few values the



1.7 Properties of the shared allele distance

71

SHALD KDE on 21 possible values vs asym. Normal PDF  SHALD KDE on 61 possible values vs asym. Normal PDF  SHALD KDE on 101 possible values vs asym. Normal PDF  SHALD KDE on 401 possible values vs asym. Normal PDF

— sHALD 1 A — SHALD ® - 2y — SHALD o — SHALD
- -~ Normal % “ % - -~ Normal g o o \ -~ Normal e; =7 ~-- Normal
N g ] J & 3 & L]
L o | S N B A S S T T == ==
0 E[D_p] 1 0 ED_p] 1 0 ED_p] 1 0 ED_p] 1
Share Al isance Shard Alee istance Sharc Al istnce Svared Al Dstance
e et e i B e o S 10 o o 208

SHALD KDE on 21 possible values vs asym. Normal PDF  SHALD KDE on 61 possible values vs asym. Normal PDF  SHALD KDE on 101 possible values vs asym. Normal PDF  SHALD KDE on 401 possible values vs asym. Normal PDF

o — st ] — st © — st ] — swam
z - Normal | = o Nomal | 2 @ o oo Normal | £ = Normal
: 2 . z 7] \ g o
Bl o e e © T T ° °
0 E[D_p] 1 0 E[D_p] 1 0 E[D_p] 1 0 ED_p] 1

ele D

stance.
0 individuals and 200 loci

SHALD KDE on 21 possible values vs asym. Normal PDOF  SHALD KDE on 61 possible values vs asym. Normal PDF  SHALD KDE on 101 possible values vs asym. Normal PDF  SHALD KDE on 401 possible values vs asym. Normal PDF

<] — sHaD R % — sa © ] — sHaD 2 — sHa
2z o] g S omal | 2 ] S Nomal | 2 © 4 - Nomal | 2 o = Normal
0 €m_pl 1 0 1 0 €0_s] 1 0 €0_s1 1

Shared Alele Distance Shared Alele Distance Shared Allle Distance Shared Alle Distance:

50 individuals and 10 loci 50 individuals and 30 loci 50 individuals and 50 loc 50 indiiduak and 200 foci

SHALD KDE on 21 possible values vs asym. Normal PDF  SHALD KDE on 61 possible values vs asym. Normal PDF  SHALD KDE on 101 possible values vs asym. Normal PDF  SHALD KDE on 401 possible values vs asym. Normal PDF

] — swao ] — oo - — o ] — s
z -1 -4 - normat| = ] L N - rormal | 2 o ] =~ Normal
g -] . ] &
Bl o e S R L N E N R e LU IR L e = e =
] ED_p] 1 0 1 0 ED_p] 1 0 ED_pl 1
Shared AleleDistance Shared Alele Shored Alele Distance Shored AleleDistance
200 naviuals and 10 oci 20 200 nawiuals and 30 oci 200 nchidais #na 200 o

Fig. 1.16 Graphical comparison between KDE based on w dissimilarities and P in-
dependent and identically distributed loci (four equally likely allelic stata) and the
associated asymptotic Normal distribution. Faceted by number of individuals (rows)
and number of loci (columns).

shared allele distance can take, but already with n = P = 30, the two curves overlap
almost completely. As expected, the variability of the dissimilarities decreases with P
and they get more and more concentrated around the average single-locus shared allele
distance, E (d(1)>.

With independent but not identically distributed loci, the approximation works
similarly (not shown here): the asymptotic Normal distribution will have mean and
variance equal to the average mean and variance of the single-locus shared allele
distances, respectively.

The kernel density estimate based on data simulated from the split scenario with
90 individuals in SLiM (section 1.4.1) helps us visualize the impact of the additional
dependence factors among observations: in such scenario, individuals are all related
in that they belong to the same population and share ancestors; also, loci were not
simulated as independent, thus the asymptotic normality of the shared allele distance
as the number of loci increases is not guaranteed. From Figure 1.17, it is clear that the
assumptions on which (1.38) is based are not fulfilled. The mean of the asymptotic
Normal density is obtained as the mean (over the number of loci, P) of the average (over
the number of dissimilarities, w = 4005) single-locus shared allele distance; similarly,
the variance of that Normal curve is the average (over loci) of the sample variance
(over w) of the single-locus shared allele distances: these would be the predicted

parameters of the asymptotic Normal approximation if there was no dependence among

individuals or among loci in the dataset, something that is rarely to be seen in real data.
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Fig. 1.17 Graphical comparison between KDE based on 4005 dissimilarities and P
dependent loci simulated with SLiM (split scenario) and the associated asymptotic
Normal distribution assuming independence. Mean and variance of the Normal proxy
are averages over their single-locus sample estimates. Panels by IBD behaviour (rows)
and number of loci (columns).

The approximation looks poorer when the data are generated without any isolation by
distance behaviour, which might be due to the larger share of extremely low values
recorded for IBD simulations: larger variance estimates for the normal proxy return
wider curves that come closer to the real data bulk, still neglecting its skewness, though.
Under no IBD scenarios, real data display a less Gaussian density, which makes the
proxy look poorer overall. In order to assess the impact of the dependence among loci,
the same plot is reported in Figure 1.18 for a SLiM simulation where the recombination
rate was set to 0.5 and thus all loci are independent. We can see how the approximation
looks much more satisfactory when there is no IBD behaviour, as can be expected.
When individuals display an IBD behaviour, instead, the kernel density estimate does
not get close to the theoretical asymptotic distribution and the mismatch resembles the
one observed with dependent loci.

Lastly, in order to visualize how good is the proxy in (1.41), the kernel density
estimate of the average shared allele distance from one hundred S1iM simulations was
plotted in Figure 1.19 for six combinations of IBD behaviour and sample size. We can
see how the asymptotic approximation gets closer to the empirical distribution as n
grows, as expected. The impact of the IBD behaviour does not look remarkable here,
although the curves look more similar for IBD species - a difference which goes in the

same direction as in Figure 1.17.
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Fig. 1.18 Graphical comparison between KDE based on 4005 dissimilarities and P
independent loci simulated with SLiM (splif scenario) and the associated asymptotic
Normal distribution assuming independence. Mean and variance of the Normal proxy
are averages over their single-locus sample estimates. Panels by IBD behaviour (rows)
and number of loci (columns).

1.8 Closing remarks

This chapter considered the problem of testing with genetic and geographic data whether
two putative groups of individuals belong to the same species. To this aim, species
delimitation methods that model the relationship between genetic and geographic
dissimilarities at individual level were investigated. These techniques check whether
the genetic structure existing between two putative species is compatible with the way
genetic dissimilarities within each group increase with the geographic separation of
the individuals. The type I error rate and power of these methods were compared by
means of individual-based simulations carried out with the simulators GSpace and
SLiM. Results showed that the method of Hausdorf and Hennig ( ) (HH20) has a
very conservative type I error rate and lower power than partial Mantel tests (PMTs) as
applied by Medrano et al. ( ), which in turn had type I error rates slightly above
the significance level in some setups. This occasional anti-conservativeness might be
partly explained by the fact that permuting the genetic distances not only makes them
independent of grouping distances controlling for geographic distances - as the null
hypothesis requires - but also disrupts any association between genetic and geographic
distances and genetic and grouping distances considered separately. Testing PMTs with
jackknife instead of permutations fixed this behaviour, ensuring more power than HH20

while keeping the type I error rate still close to zero. Testing PMTs with bias-corrected
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Fig. 1.19 Graphical comparison between KDE based on 100 average shald’s (with
P = 134 loci) based on data simulated with SLiM (split scenario) and the associated
asymptotic Normal distribution. The mean of the Normal proxy is the grand mean per
scenario, whereas the variance is the average of the 100 variances from that scenario,
divided by 100. Faceted by IBD behaviour (rows) and number of individuals per group
(columns).

bootstrap confidence intervals, instead, often led to inflated type I error rates. This was
due to the generation of too many zero dissimilarities in the bootstrap replicates of
the datasets, which caused the bootstrap distribution of partial correlation coefficients
to be biased. The extension of the linear mixed effects model by Clarke et al. ( )
displayed a performance similar to PMT. A linear regression without random effects
(LM), i.e., wrongly assuming independence among the dissimilarities, showed inflated
type I error rates only with unequally sized groups simulated with SLiM, and performed
surprisingly well in other scenarios. However, the effect of unequal group sizes on the
type I error of LM was confirmed also on Gaussian data, suggesting that neglecting the
dependence in the dissimilarities can lead to liberal tests in most cases. The ranking in
the overall performance of the methods was consistent over both simulators, and the
log-transformation of the geographic dissimilarities did not seem to have a considerable
impact on methods other than HH20, where it improved matters.

Although the relationship between genetic and geographic dissimilarities was often
found to be convex, both on real and simulated data, this did not seem to substantially
affect the methodologies. The assumption of linearity was also studied using an ad hoc
spatially-explicit genetic simulator, which assumes that allele frequencies in the loci
vary along geographic linear gradients. As far as the shared allele distance is concerned,

data from this simulator showed that the trend in the dissimilarities can be expected
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to be linear only when the number of possible allelic stata is small and IBD patterns
are weak. SLiM simulations also illustrated how dissimilarity-based methods can face
identifiability issues if there is strong genetic variability already within the putative
groups, as Hausdorf and Hennig ( ) suggested.

The shared allele dissimilarity was proved to fulfill the triangle inequality when no
missing loci are present in the data. In the ideal scenario of independent and identically
distributed loci, the shared allele distance between two unrelated individuals was proved
to be asymptotically normal.

Several aspects of this study lend themselves to future investigations. Due to the
extremely large amount of possibilities defined by parameter choices of the simulators,
many more potentially interesting situations could be simulated. As an example,
scenarios worth exploring could involve comparisons between groups with different
IBD behaviour or groups covering areas of different size. Some simulation parameters
may be informed via estimates from real data. Moreover, the investigation could be
extended to other genetic and landscape distances and the analysis could be carried
out at population-level. Techniques that do not assume linearity, such as polynomial
regressions or PMTs based on rank correlations, might also be studied. Lastly, applying
the methods treated here to other problems of regression between dissimilarities such
as relating similarity between languages or dialects to geographic distance (Bella et al.

) may also be of interest.






Chapter 2
Approaches with unknown groups

When no putative grouping is available, methods able to identify co-specific groups in
the dataset are required. The diversity in the dataset is summarized in genetic clusters
(or discrete populations), which do not necessarily correspond to distinct species. These
clusters can then inform species delimitation considerations according to the operational
criteria adopted for a specific study, in line with De Queiroz ( ).

As explained in Chapter 1, in this work individuals are deemed to be co-specific
when they display genetic discrepancies compatible with their geographic separation.
This operational criterion only tackles one aspect of species delimitation, a complex
task for which a range of criteria have to be considered together (De Queiroz ).
Nevertheless, to ease the discussion, evidence from the methodologies presented here
will be used to draw conclusions on species membership, i.e., to delimit the analyzed
individuals into distinct species. See also the remarks in section 1.1 on this.

This chapter tackles two problems: a) clarifying whether a spatially-explicit genetic
dataset contains more than one species and b) estimating the number of species. Since
the presence of spatial patterns of genetic differentiation can lead to the overestimation
of the number of groups in the data (Bradburd, Coop, and Ralph ), unsupervised
species delimitation methodologies have to take these patterns into account. To this
aim, in section 2.3.1 a routine is proposed that integrates SNMF (Frichot, Mathieu, et al.

), an existing clustering algorithm for genetic data, with the distance-based methods
introduced in section 1.3. In section 2.3.2, TESS3 (Caye et al. ) is used, which
instead takes both geographic and genetic information into account when clustering
individuals. Its output is exploited by a distance-based method here developed for the
estimation of the number of species in the dataset.

Through a broad simulation study based on SLiM, a critical limitation of both these
approaches is highlighted. To overcome this limitation, null models specific to this
application are proposed. These are used to calibrate tests based on TESS3 output both
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for the detection of the presence of more than one species in the dataset and for the
estimation of the number of species.

Throughout this chapter, the notation established in section 1.2 will be preserved,
unless otherwise stated. The data consists of n individuals whose locations and genetic
make-ups are known, unlike the grouping information stored in {z§,...,z5}. Also here
locations consist of two coordinates and genetic information is expressed in P diploid
loci.

In the following, after a brief review of the literature in section 2.1, additional
SLiM simulations are presented in section 2.2. They will be used to compare all the
methodologies proposed in the chapter. Section 2.3 describes the integrated methods
that build on SNMF and TESS3 solutions, whereas section 2.4 discusses null model

calibration.

2.1 Literature review

Rannala and Z. Yang ( ) review the history of molecular species delimitation, with
reference to how the use of genetic information integrated taxonomic practices mainly
based on morphological characters. The approach of taxonomists to cluster analysis is
contrasted with that of numerical ecologists in P. Legendre and L. Legendre ( ,ch. 8),
where techniques based on measures of resemblance between individuals are surveyed.
Clustering spatially-explicit genetic datasets is at the heart of landscape genetics (Manel,
Schwartz, et al. ), where it is connected to assignment methods (Manel, Gaggiotti,
and Waples ). In supervised settings where predefined populations are available,
assignment methods are used to classify individuals accordingly. In unsupervised
settings, instead, these populations are constructed from the data - usually by assuming
that they fulfill some criteria, such as linkage equilibrium. The role of the assumptions in
clustering methods guides the review in Frangois and Waits ( ), where a distinction
is introduced between exploratory data analysis and model-based clustering. In that
review, algorithms that do not use geographic information, such as sSNMF (Frichot,
Mathieu, et al. ) and STRUCTURE (Pritchard et al. ), and methods that exploit
it, such as GENELAND (Guillot, Mortier, and Estoup ) and TESS (C. Chen et al.
), are briefly discussed, together with their built-in criterion for the choice of K,
the number of clusters to be identified. The latest version of TESS, introduced by Caye
et al. ( ), replaces its Bayesian algorithm with least squares optimization.
Another recent model-based clustering method for spatially-explicit data is conStruct
(Bradburd, Coop, and Ralph ), which attempts to explicitly include patterns of
isolation by distance in the assignment of the individuals to the groups. Indeed, TESS3
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embeds geographic information by introducing spatial priors on group membership, but
then assumes constant allele frequencies across the species’ range. In conStruct, instead,
spatial patterns of genetic differentiation are modeled also within the groups. In its
Bayesian framework, estimation is based on Hamiltonian Monte Carlo, with potentially
longer computational times than TESS3. Additionally, TESS3 can provide clustering
configurations for datasets where n > P, unlike conStruct.

Bradburd, Coop, and Ralph ( ) also report several references to existing method-
ologies, and discuss their criterion to select K in the light of related literature - see
Verity and Nichols ( ). The problem of the choice of K is indeed well known in
molecular ecology, a field where one of the most used criteria adopted for the task is
the AK statistic by Evanno et al. ( ) (Janes et al. ). In statistics, null models
have been used to tackle this kind of problems - see, e.g., Tibshirani et al. ( ). The
formulation of null models can help guide assignment methods in the delimitation
of distinct species, since spatial patterns of differentiation can induce within-species
heterogeneity. Clustering methods can identify genetic clusters existing within the
species level due to these patterns, but the goal in this chapter is to determine the value
of K that corresponds to the number of species in the dataset. This will require the
development of data-influenced null models tailored to the task. On a general note, see
Jain and Dubes ( , ch. 4) for the role of null models in cluster analysis and Gordon
( ) for the relevance of data-influenced null models.

In this chapter, strategies to delimit species in the presence of IBD patterns are
investigated in an unsupervised setting. To this aim, the performance of the proposed
clustering methodologies is assessed based on SLiM datasets from a wide range of
scenarios. In the first part of the chapter, two new clustering routines are conceived
that build on the output of SNMF (Frichot, Mathieu, et al. ) and TESS3 (Caye
et al. ), respectively. Since several SLiM datasets considered in this work have
n > P, and also because execution time is a critical parameter in simulation studies,
TESS3 will be used as spatially-explicit clustering method instead of conStruct. The
comparison of their performance on datasets where they can both be applied is left for
future work. In the second part of the chapter, test statistics computed from TESS3
output are calibrated by means of null models in order to detect the number of clusters
while controlling for spatial patterns of differentiation.

2.2 Additional SLiM simulations

In this chapter, datasets generated via the SLiM software (Haller and Messer ) will
be used to compare the performance of the methods discussed. They are described here
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for convenience, as many following sections will make reference to them. The SLiM
software was introduced in section 1.4.1, whereas related code is in Appendix C.1.

Eight data scenarios were conceived, some of which were already used in Chapter
1. For each of them, a version with quasi-panmictic species and one with species
showing the same IBD behaviour were generated. Additionally, three sample size
options were explored. Each combination of scenario, sample size and IBD behaviour
was simulated 100 times, returning geographic positions of the individuals and 1000
diploid loci with four possible allelic stata (the four nucleobases: adenine, cytosine,
guanine and thymine). As in Chapter 1, a random selection of 134 of these loci would
then be recorded, and divided in a subset with 5, one with 40 and one with 89 loci,
which allowed to investigate the impact of data richness on methods’ performance.

In Figure 2.1, the locations of the individuals from exemplary datasets are shown
for each combination of scenario and IBD behaviour. Eight different SLiM scripts were

used to create:
* ascenario with only one species covering the whole map;

* a scenario with two species inhabiting the whole map, one having twice the

number of members of the other;
* ascenario with two unequally sized species inhabiting separate areas of the map;

* a scenario with two distinct species inhabiting the whole map, but where one
of them has two subpopulations, generated as in the overlapping conspecific
scenario in section 1.4.1. Each of these subpopulations is made up of as many

members as those from the other species;
* ascenario with three equally sized species inhabiting the whole map;

* ascenario with three equally sized species segregated in three disjoint areas of

the map;

* ascenario with six species inhabiting the whole map, where three of them have
a number of individuals twice as big as the number of the individuals from the

other 