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Abstract

Introgressive hybridization, also called introgression, is the gene flow from one species to
another due to mating between species. The genetic signals of introgression are not always
obviously observed. Current methods of detecting introgressive events rely on the analysis
of orthologous markers, and therefore do not consider gene duplication and gene loss. Since
introgression leaves a phylogenetic signal similar to horizontal gene transfer, introgression
events can be detected under a gene tree-species tree reconciliation framework, which si-
multaneously accounts for evolutionary mechanisms including gene duplication, gene loss,
and gene transfer. In this work, the reconciliation-based method has been applied to a large
dataset of Anopheles mosquito genomes. We recover extensive introgression that occurs in
gambiae complex, a group of African mosquitoes, although with some variations compared
to previous reports. Our analysis results also imply a possible ancient introgression between
the Asian and African mosquitoes.

Keywords: introgression; horizontal gene transfer; Bayesian phylogenetic inference; gene
tree-species tree reconciliation; Anopheles mosquito genomes

iii



Acknowledgements

This thesis is based on a research conducted to investigate introgression among different
mosquito species, which is a joint work with Liangliang Wang and Cedric Chauve. I am
grateful for a number of people who encourage and support me along the way of research.

Firstly, I would like to express sincere thanks to my senior supervisor Liangliang Wang.
Thank her for offering me opportunities to learn further in statistics. Not only did she teach
me advanced statistical knowledge, but she also encouraged me to build up soft skills. I truly
appreciate her guidance when I felt lost on my way during research. Without her aid and
support, it will be impossible for me to complete this thesis.

I would also like to thank Professor Cedric Chauve from Department of Mathematics,
who jointly worked with me and Liangliang Wang for this research. Thanks for his brilliant
ideas and computational skills contributed during the exploratory data analysis. He is very
patient whenever I have any questions. It is my great honor to work with such an expert in
evolutionary computation.

Furthermore, I really appreciate all graduate students in our department who have ever
offered me help, including Chuyuan (Cherlane) Lin, Anqi (Angela) Chen, Haoyao Ruan,
Jiarui (Erin) Zhang, Ying (Daisy) Yu, Mengyang (Chris) Li, and Yifan (Lucas) Wu. Special
thanks go to Shijia Wang and Yuping Yang because of their selfless support and careful
proofreading on this thesis.

Finally, I would like to give a big thank to my mother, my father and my fiance for their
extensive support during my graduate study. Thanks for their listening and understanding
when I shared my joys and sorrows with them along the journey.

iv



Table of Contents

Approval ii

Abstract iii

Acknowledgements iv

Table of Contents v

List of Tables vii

List of Figures viii

1 Introduction 1

2 Materials 4
2.1 Background on Phylogenetics . . . . . . . . . . . . . . . . . . . . . . . . . . 4
2.2 Anopheles Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

3 Methods 11
3.1 MrBayes: Sampling Gene Trees . . . . . . . . . . . . . . . . . . . . . . . . . 11
3.2 ALE: Reconciling Sampled Gene Trees with the Species Tree to Infer HGTs 16
3.3 MaxTic: Time Consistency of Inferred HGTs . . . . . . . . . . . . . . . . . 21
3.4 Multiple Hypothesis Testing: Detecting Potential Introgressed Segments . . 22
3.5 Flow Chart for the Research Methodology . . . . . . . . . . . . . . . . . . . 24

4 Experiment Results 26
4.1 Exploring the Space of Reconcilied Gene Trees . . . . . . . . . . . . . . . . 26
4.2 Discovering Noises in HGTs . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
4.3 Criteria of Potential Introgression Events . . . . . . . . . . . . . . . . . . . 28
4.4 Evolutionary Histories of Gene Families . . . . . . . . . . . . . . . . . . . . 30

5 Discussion 34

Bibliography 36

v



Appendix A Code scripts 41
A.1 MrBayes code . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

Appendix B Figures 42
B.1 NEXUS Data Block . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
B.2 Reconciliation Likelihood in ALE . . . . . . . . . . . . . . . . . . . . . . . . 43

vi



List of Tables

Table 2.1 A small section of the hypothetical DNA sequence alignment for five
taxa. Rows represent taxa, and columns represent sequence positions. 6

Table 4.1 HGTs time consistency ratio for different level of threshold t. . . . . . 28

vii



List of Figures

Figure 2.1 Rooted phylogenetic tree of 5 taxa. External nodes or leaves repre-
sent extant or present-day organisms. Internal nodes represent hy-
pothetical ancestors splitting lineages (so-called speciation events).
The branches are related to the direction of time: as we move from
the root to the leaves, we move forward in time. . . . . . . . . . . . 5

Figure 2.2 Unrooted phylogenetic tree of 5 taxa. External nodes or leaves rep-
resent contemporary organisms. Internal nodes represent hypothet-
ical ancestors splitting lineages (so-called speciation events). The
branches are not related to the direction of time. . . . . . . . . . . 5

Figure 2.3 Incomplete lineage sorting that results in gene tree-species tree in-
congruence, adopted from Figure 1.1 in [30]. The topology of gene
tree GT1 is identical to that of the species phylogeny (shaded tube),
whereas gene tree GT2 is incongruent with the species phylogeny due
to ILS. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

Figure 2.4 Number of genes per genome for each Anopheles species. . . . . . . 8
Figure 2.5 The sizes (number of genes) of gene families. . . . . . . . . . . . . . 9
Figure 2.6 Species tree of the 14 Anopheles species considered in our study.

Numbers on the branches of the tree represent ancestors. . . . . . 10

Figure 3.1 Reconciled tree R between an unrooted gene tree τi and a species
tree S in a three-taxon scenario. (A) A gene tree topology. Each gene
is named with the lowercase letter of the corresponding species. (B)
A species phylogeny consists of species A, B and C. (C) Reconciled
tree R is represented as a mapping of the nodes of the gene tree in
(A) onto the nodes or branches of the species tree in (B) using three
speciation events (white circle), two events of gene duplication (blue
square), one event of gene loss (red cross), and one event of gene
transfer (orange star). . . . . . . . . . . . . . . . . . . . . . . . . . 17

viii



Figure 3.2 A consensus tree τ described by clades γ1, γ2, γ3, γ4 and correspond-
ing posterior probabilities P (γ1|D), P (γ2|D), P (γ3|D), P (γ4|D). Each
clade is composed of several species: Clade γ1 contains all the 5
species A, B, C, D and E. Clade γ2 contains species C, D and E.
Clade γ3 contains species C and D. Clade γ4 contains species A and B. 18

Figure 3.3 Two conflicting constraints: Y > X and Z > T . Each of the con-
straints can be fulfilled by different ranked versions of the phylogeny,
but they cannot occur simultaneously. This figure is retrieved from [5]. 22

Figure 3.4 An overview of research methodology involved in our study. . . . . 25

Figure 4.1 Number of genes for each Anopheles species after filtering out some
gene families from the MrBayes+ALE pipeline. . . . . . . . . . . . 26

Figure 4.2 Number of genes per gene family after filtering out some gene families
from the MrBayes+ALE pipeline. . . . . . . . . . . . . . . . . . . . 27

Figure 4.3 Distribution of the frequency of observed HGTs appearing with fre-
quency at least 20% in ALE trees. . . . . . . . . . . . . . . . . . . . 27

Figure 4.4 Potential introgression events based on sets of at least 50 inferred
HGTs of frequency 0.5 or above and accumulated frequency at least
50. The x-axis shows 13 top potential introgression events, and y-
axis indicates the total frequency or total count of each HGT. The
green bars indicate the total number of corresponding HGTs, while
the blue bars indicate the sum of frequencies for a particular HGT
event across all gene families. For instance, the potential introgres-
sion event (ACHRI, 24) occurred 195 times across all families as
shown by the green bar, and the sum of frequency is 126.75 as shown
by the blue bar, leading to an average frequency of 0.65. . . . . . . 29

Figure 4.5 Chromoplots for HGT events (Anopheles arabiensis, 15) [Top], (Anophe-
les arabiensis, Anopheles gambia) [Middle], and (Anopheles arabien-
sis, Anopheles coluzzi) [Bottom] along chromosome arms 2L and 3L.
Blue vertical bars indicate genes with their HGT frequency, the red
dotted line is the FDR at level 1% and green dots represent the BY
corrected p-values. . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

Figure 4.6 Chromoplots for the HGT events (Anopheles arabiensis, 15) [Top
Left], (Anopheles arabiensis, Anopheles gambia) [Top Right], and
(Anopheles arabiensis, Anopheles coluzzi) [Bottom] along chromo-
some X. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

Figure 4.7 Chromoplots for the potential introgression event from An. christyi
to species 24 on five chromosomes. A relatively strong signal of in-
trogression is observed on chromosome X. . . . . . . . . . . . . . . 32

ix



Figure 4.8 Chromoplots for introgression from Anopheles quadriannulatus to
Anopheles gambia on five chromosomes. A relatively strong signal of
introgression is observed on chromosome 2L, so-called 2La inversion. 33

Figure 4.9 Chromoplots for introgression from Anopheles quadriannulatus to
Anopheles melus on five chromosomes. Introgression is detected on
limited regions of chromosome 3L and 3R. . . . . . . . . . . . . . . 33

Figure B.1 An example of a NEXUS data block from one of the Anopheles gene
families. As seen in the figure, the DNA sequence alignments has
been translated to a 2 (number of taxa) × 492 (number of sites)
aligned matrix, which will be taken as input for MrBayes. . . . . . 42

Figure B.2 Reconciling a gene tree τ (blue line) with the species tree S (out-
side tube) that involves a duplication and two speciations. This fig-
ure is adopted from Figure 1 created by Szöllősi et al [41]. The
time along S from present day to history has been discretized into[
0, t1),

[
t1, t2), and

[
t2, t3). Note that PA(c1c2, t1), PA(c1, t1), and PA(c2, t1)

should be PC(c1c2, t1), PC(c1, t1), and PC(c2, t1). It calculates the
probability PABC(abc1c2, t3) of seeing the root of τ at the root of S
using reconciliation events that map τ into S (some terms are not
shown). In general, the evolutionary scenario is unknown and we
must sum over all possible ways to map τ into S. GBC(t3, t2) indi-
cates the single-gene propagation probability between time t2 and t3
along branch splitting species B and C; similarly for GA(t3, 0). . . 43

x



Chapter 1

Introduction

Hybridization is a process involving the mating between two different groups of species [13].
One outcome of interspecific hybridization is introgression, or introgressive hybridization,
which is the transfer of genetic material from a donor species to a receptor species. The pro-
cess of introgression can be neutral without an effect on evolution, but it can also be adaptive
to the changing environment and spread in the recipient pool. The latter phenomenon is
referred to as “adaptive introgression” [28]. Detecting signals of introgression in genomic
data becomes a very important question in the evolution of eukaryotic genomes [26]. Some
relevant studies of adaptive introgression include mimicry pattern in butterflies [7] and poi-
son resistance of house mice [38]. Recently, the evolution of a group of African Anopheles
mosquitoes, known as the gambiae complex, is of interest. This species complex is composed
of the most important malaria vectors in sub-Saharan Africa, although their vectorial ca-
pacities may vary between different species. In 2015, Fontaine et al. demonstrated that
there is extensive introgression within the gambiae complex, which probably implies rapid
acquisition of enhanced vectorial capacities [11]. They detected introgression by comparing
mean of divergence times since introgression would reduce the species divergence times. The
extent of introgression within the gambia complex was later confirmed by Wen et al. that
employs phylogenetic network methods [48], although the suggested introgression events
were not in full agreement with Fontaine et al. This thesis follows this line of work, aiming
at detecting signals of introgression within a larger group of Anopheles mosquito genomes,
covering both African and Asian mosquitoes.

There exists several methods that have been designed specifically to detect signals of
introgression from genomic data, and they can be classified into two major groups: methods
based on summary statistics, and methods based on evolutionary models.

In the first group, summary statistics-based methods aim at detecting introgression be-
tween two closely related sister lineages. These methods use population genomics data to
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detect haplotype blocks 1 at a genetic distance lower than the expected distance if no in-
trogression was involved. We refer to [35] for a recent discussion on these methods. When
four species are considered, the most common summary statistic method is D statistics [36],
also called the ABBA BABA statistics. This method records the frequency of evolutionary
trees (gene tree) that are incongruent with a given species phylogeny (species tree) over
several loci 2, and tests if the disagreement between the observed incongruent topologies is
significant against a null hypothesis assuming that phylogenetic incongruence is only due to
incomplete lineage sorting (ILS) 3. There exists relevant methods that extend this method
to handle more than four species [32, 10], although at a significant computational cost.
A common feature of these methods is that they aim at disentangling two evolutionary
processes, ILS and introgression, because both of them can result in gene trees that are
incongruent with the species tree.

Another group of methods detect introgression using phylogenetic networks by modeling
ILS and hybridization simultaneously. This model-based approach has been implemented
in combinatorial approaches [16, 52] and probabilistic frameworks [24, 47, 49, 53]. We refer
the reader to [8] for a recent discussion on model-based approaches. These methods are
highly parameterized, and generally their computational complexity grows exponentially
with the number of reticulate edges considered in the phylogenetic network. The model-
based methods have mostly been used with data sets of relatively moderate size so far,
although recent pseudo-likelihood methods have shown promising improvements in compu-
tation time [37, 51].

An important drawback of the methods outlined above is that they are limited to the
analysis of orthologous genes 4, thus disregarding gene duplication and gene loss. While this
can be a reasonable approach for small data sets, it does exclude many gene families for
larger data sets. Moreover, as observed in [29], introgression through hybridization leaves a
phylogenetic signal similar to horizontal gene transfer (HGT), although they are different
from the biological point of view: introgression occurs in sexual species, whereas HGT oc-
curs in asexual species. HGT is an evolutionary mechanism well handled by several efficient
species tree-gene tree reconciliation algorithms [19, 40, 43, 41] that scale well to large data
sets. It suggests that the framework of reconciling gene trees with a known species tree could

1A set of genes that tend to be inherited together through the evolution.

2A locus (plural loci) is a fixed location on the chromosome where the gene is found.

3Incomplete lineage sorting occurs when the gene copies fail to coalesce at the time of speciation but
coalesce in an ancestral species if looking backwords in time.

4Orthologous genes are genes in different species that originate from a common ancestral DNA sequence.
Their functions are similar to the functions of the ancestral genes.
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be used for detecting introgression without filtering out paralogous genes 5. We refer readers
to Section 3.2 for details of the species tree-gene tree reconciliation. In the present work, we
explore this idea, and apply a reconciliation-based method to detect signals of introgression
over a large data set of 14 Anopheles genomes covering both African and Asian mosquitoes,
including the gambiae complex.

The outline of this dissertation is organized as follows. Some background on phyloge-
netics and the Anopheles data set are discussed in Chapter 2. The data we started with
is composed of the full genome sequences of 14 Anopheles species assembled at various
contiguous levels. In Chapter 3, we first rely on MrBayes, which is a software program
for Bayesian inference of phylogeny, to perform Bayesian inference of phylogenetic param-
eters on the DNA sequence alignments in order to sample gene trees. Then, we implement
a probabilistic approach, called amalgamated likelihood estimation (ALE), to reconstruct
gene trees that can be pieced together as a combination of clades in an evolutionary model
accounting for gene duplication, gene loss and HGT. In order to distinguish introgression
from ILS, we propose the hypothesis that introgression concerns blocks of contiguous genes,
while ILS acts randomly along the chromosome, as discussed in [39]. A statistical test is then
applied to detect genome regions with significantly more genes whose evolution involves a
signal of HGT along chromosomes. In Chapter 4, we discuss the experimental results step
by step, and display the signals of introgression along the chromosomes of several Anophe-
les species. Our results further confirm the extensive level of introgression within gambiae
complex discussed in [11], although with some differences related to certain introgressed
genome segments. In addition, we also find evidence for a potential ancient introgression
event involving an African mosquito lineage and the most common ancestor of the clade
of Asian Anopheles, which has not been discovered before. Ultimately, several concerns of
current work and necessary future studies are discussed in Chapter 5.

5Unlike orthougous genes, paralogous genes are new genes and have new functions. They are diverged
within one species.
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Chapter 2

Materials

This chapter reviews some background on phylogenetics and introduces Anopheles data
we used to detect introgression, including a species tree and full genome sequences for 14
Anopheles species. The species tree is taken from [1] without given branch lengths because
the branching pattern remains highly debated [11, 45]. The 14 genomes assembled at differ-
ent contiguous levels are obtained from the results of genome scaffolding illustrated in [1].

2.1 Background on Phylogenetics

Phylogenetic tree The objective of phylogenetics is to study the evolutionary relation-
ships among different species or individuals, called taxa, based on biological sequence align-
ments [18]. The evolutionary relationships are usually represented by a phylogenetic tree,
which is a binary tree structure composed of nodes and branches. An example is given in
Figure 2.1. We call the black dots in the tree nodes. The external nodes or leaves of the
phylogenetic tree — Taxon 1, Taxon 2, Taxon 3, Taxon 4, and Taxon 5 — represent extant
or present-day organisms, and the internal nodes represent hypothetical ancestors splitting
lineages where a speciation event occurs. The edge that connects a descendent and an an-
cestor is called a branch.

The phylogenetic trees are divided into rooted trees and unrooted trees on the basis of
the presence or absence of the ancestral root. Figure 2.1 displays a rooted tree. The node
at the top of the tree represents the most recent common ancestor of 5 taxa, called the
root. The branches of the rooted tree contain the direction of time: we move forward in
time when we move from the root to the leaves. By contrast, for an unrooted tree shown in
Figure 2.2, there does not exist an ancestral root, and the branches are undirected in time.
However, many phylogenetic analyses include an outgroup to regain a root in the unrooted
tree. An outgroup is a taxon (or a set of taxa) that are less related to other taxa used in
the study, and the root will therefore be placed on the branch between the other taxa and
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the outgroup. For instance, in Figure 2.2, if taxon 5 is an outgroup, we can place the root
on the branch leading to taxon 5 to obtain the rooted tree in Figure 2.1.

Figure 2.1: Rooted phylogenetic tree of 5 taxa. External nodes or leaves represent extant
or present-day organisms. Internal nodes represent hypothetical ancestors splitting lineages
(so-called speciation events). The branches are related to the direction of time: as we move
from the root to the leaves, we move forward in time.

Figure 2.2: Unrooted phylogenetic tree of 5 taxa. External nodes or leaves represent con-
temporary organisms. Internal nodes represent hypothetical ancestors splitting lineages (so-
called speciation events). The branches are not related to the direction of time.

Typically, the shape of a phylogenetic tree is conveyed by two major types of information.
One is the topology that defines the branching pattern of the tree and the distribution of
extant species among the leaves. The other is the branch lengths that represent evolutionary
time, measured by the average amount of mutational change. These two components are
considered critically when we use likelihood models to analyze a topology.

Data used in phylogenetic analysis Although the data used earlier for phylogenetic
analysis was based on physical features of the organisms under consideration (i.e. morpho-
logical data), contemporary studies pay more attention to building phylogenetic trees using
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molecular sequence data, mainly DNA sequences. DNA, or deoxyribonucleic acid, is a two-
stranded twisted molecule that contains unique genetic code for each organism. DNA is
made up of 4 nucleotides or bases: Adenine (A), Guanine (G), Cytosine (C), and Thymine
(T). The order of these nucleotides determines the genetic code of DNA. The process of
determining the order of these bases in a piece of DNA is called DNA sequencing.

When we obtain the DNA sequences of some taxa, we need to compare homologous nu-
cleotides that have been acquired directly from the common ancestor of the taxa of interest.
The process of finding out which regions of a set of DNA sequences are homologous and
should be compared is called DNA sequence alignment. An example of the DNA sequence
alignment for five taxa is given in Table 2.1. Different rows represent different species, and
different positions in each DNA sequence represent different sites. All nucleotides in Table
2.1 are identical at most of the sites, which reflects the fact that the sequences compared
are homologous. The differences at certain sites result from mutational changes during evo-
lution. For instance, in the fourth column in Table 2.1, taxa 3, 4 and 5 have base C, whereas
taxon 1 has a base A and taxon 2 has a base G. This reflects a fact that taxa 3, 4 and 5 are
more closely related to each other than the remaining taxa. The objective of phylogenetic
analysis is to recognize significant genomic similarities between distant species and create
phylogenetic trees to explain these relationships. Since the amount of molecular data sets is
usually very large, and more and more data is gathered nowadays, it is therefore necessary
to use computational statistics in phylogenetic tree inference. Here, we focus on a relatively
new probabilistic approach to infer phylogenetic trees — Bayesian inference, demonstrated
in Section 3.1.

Taxon 1 ...TGTATCGCTC...
Taxon 2 ...TGTGTCGCTC...
Taxon 3 ...AGTCTCGTTC...
Taxon 4 ...TGTCTCGTTT...
Taxon 5 ...AGTCTCATTC...

Table 2.1: A small section of the hypothetical DNA sequence alignment for five taxa. Rows
represent taxa, and columns represent sequence positions.

Gene tree-species tree incongruence A phylogenetic tree (gene tree) constructed from
DNA sequences for a genetic locus sometimes does not agree with the tree that represents
the actual population split history (species tree). The incongruence between gene trees and
a species tree might be due to gene duplication and loss, ILS, and HGT. Lineage sorting
occurs because each individual in one population randomly contributes genetic material to
the next generation [30]. ILS occurs when an ancestral species experiences several speciation
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events in a short period of time. As shown in Figure 2.3, gene tree GT1 is identical to the
species tree (shaded tube), while gene tree GT2 is not identical to the species tree due to
ILS. The evolutionary scenarios involving gene duplication, loss and HGT that result in
phylogenetic incongruence is demonstrated in Section 3.2.

Figure 2.3: Incomplete lineage sorting that results in gene tree-species tree incongruence,
adopted from Figure 1.1 in [30]. The topology of gene tree GT1 is identical to that of the
species phylogeny (shaded tube), whereas gene tree GT2 is incongruent with the species
phylogeny due to ILS.

2.2 Anopheles Data

Anopheles is a genus of mosquito transmits parasites between people resulting the spread of
malaria in humans. Various Anopheles species are found to be the malaria vectors in different
parts of the world [11]. The gambiae complex contains several closely related Afrotropical
mosquito sibling species, and it has become the most important malaria vector [31]. At the
same time, detecting introgression among those malaria vectors is of particular interest.

Genome sequences A genome contains all DNA of an organism. To sequence an en-
tire genome, the DNA of the genome is broken into smaller pieces, the pieces are se-
quenced, and then the sequences are assembled into a single long “consensus”. Our data
starts from the entire genome sequences of 14 Anopheles species that are geographically dis-
tributed in sub-Saharan Africa and Asia, including Anopheles gambia (AGAMB), Anopheles
coluzzii(ACOLU), Anopheles arabiensis (AARAB), Anopheles quadriannulatus (AQUAD),
Anopheles melas (AMELA), Anopheles merus (AMERU), Anopheles christyi (ACHRI),
Anopheles epiroticus (AEPIR), Anopheles stephensi India (ASTEI), Anopheles stephen-
sisensu stricto (ASTES), Anopheles maculatus (AMACU), Anopheles culicifacies (AC-
ULI), Anopheles minimus (AMINI), and Anopheles funestus (AFUNE). Only the genome of
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Anopheles gambia is fully assembled among the 14 genomes. The genomes of other Anopheles
species are fragmented assemblies. We refer the readers to [1] for a more precise discussion
on the assembly of these genomes.

A gene is a small part of the genome, and genes are made of DNA. Genes can determine
the characteristics of an organism, and different species have different number of genes in
the genome. The considered genomes of 14 Anopheles species contain from 10, 000 to 15, 000
genes, as given in Figure 2.4.

Figure 2.4: Number of genes per genome for each Anopheles species.

Gene Families A gene family is a group of related genes that share a common ancestor.
The genes are similar in structure and in biochemical function within a gene family. Defining
gene families is a necessary step for building gene trees. The genes from the 14 Anopheles
species had been clustered into more than 17,000 homologous gene families based on their
common ancestry using the OrthoDB algorithm demonstrated in [46].

Figure 2.5 shows the distribution of the sizes (number of genes) of gene families. It can
be seen that there is a peak for gene families with 14 genes. An important observation is
that there is a large number of small-size gene families, which is probably due to errors in
assembling genes or clustering genes into homologous families [1]. Within each gene family,
a multiple sequence alignment (MSA) was obtained using the method in [1], which had
been converted to an aligned matrix in the standard NEXUS format prior to analysis. In
Appendix B.2, we display an example of aligned matrix in NEXUS format taken from a
gene family.
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Figure 2.5: The sizes (number of genes) of gene families.

Species Tree A species tree demonstrates the evolutionary relationships among a group
of taxa that are believed to have a common ancestor. The 14 considered Anopheles species
can be classified into three groups:

• The gambiae complex composed of six sibling species, including Anopheles gambia
(AGAMB), Anopheles coluzzii(ACOLU), Anopheles arabiensis (AARAB), Anophe-
les quadriannulatus (AQUAD), Anopheles melas (AMELA), and Anopheles merus
(AMERU);

• Two outgroups to the gambiae complex: Anopheles christyi (ACHRI) in Africa and
Anopheles epiroticus (AEPIR) in Asia. They serve as a reference group when we study
the evolutionary relationships of the ingroup;

• A subtree composed of six Asian mosquitoes, including Anopheles stephensi India
(ASTEI), Anopheles stephensisensu stricto (ASTES), Anopheles maculatus (AMACU),
Anopheles culicifacies (ACULI), Anopheles minimus (AMINI), and Anopheles funes-
tus (AFUNE), where the African Anopheles funestus and Oriental Anopheles minimus
are genetically closely related [12]; from now this group is called Asian clade.

The rooted binary species tree of these 14 considered Anopheles species is shown in
Figure 2.6. It is same as the tree in [1], namely “X-phylogeny”, because the species phylogeny
is constructed based on X chromosome genes. The species phylogeny within the gambiae
complex is taken from [11]. In our experiment, we do not consider the dating information
of the interior nodes of the species tree, i.e. without given information of branch lengths,
except ensuring that the descendants appear later than their ancestors.
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Figure 2.6: Species tree of the 14 Anopheles species considered in our study. Numbers on
the branches of the tree represent ancestors.
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Chapter 3

Methods

The methodologies we used to detect introgression are composed of three major steps.
First, we use a MrBayes to obtain a sample of gene trees, and take the sampled gene trees
as input in ALE to explore the space of sampled reconciled gene trees in a reconciliation
model accounting for gene duplication, gene loss, and HGT. Then, we rely on an algorithm
of time consistency to analyze the level of noises for the inferred HGTs. Eventually, based
on the robust HGTs, we perform statistical hypothesis tests on the genome segments where
a large number of HGT-like genes indicate potential signals of introgression.

3.1 MrBayes: Sampling Gene Trees

Given the observed MSA for each gene family, the first step is to estimate phylogenetic
trees that best explain the genetic information. MrBayes is a popular program for doing
Bayesian inference of phylogeny [34]. We first used MrBayes to approximate the posterior
distribution of phylogenetic trees by sampling gene trees through Markov Chain Monte
Carlo (MCMC) method. Other user-friendly software programs that can handle Bayesian
phylogenies include BEAST [9], RevBayes [15], and BAMBE [22]. The Bayesian approach
to phylogenetics is outlined in this section.

Bayesian inference of phylogeny The inferences of phylogeny in a Bayesian analysis
is based on computing posterior probabilities of phylogenetic trees [17]. Let’s consider τi as
the topology of ith phylogenetic tree, i = 1, 2, 3, ..., N(s), where N(s) denotes the number of
possible trees for s species. Let c denote the number of aligned position in DNA sequences
(i.e. number of sites), and D is the matrix of s aligned DNA sequences of length c. To be
specific, we can describe the matrix Ds×c as
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D =
{
dij
}

=
{
d1 d2 d3 . . . dc−2 dc−1 dc

}

=

site 1 site 2 site 3 . . . site c− 2 site c− 1 site c


A T G . . . G A C species 1
A T C . . . C G C species 2
...

...
... . . . ...

...
...

...
A T C . . . C G T species s

,

where di (1 ≤ i ≤ c) denotes the observations at the ith site or ith column of the alignment.
For example, we can observe d1 =

{
A A . . . A

}′
at the 1st site. Each di is associated

to the leaves of the tree. The sites are assumed to be independent in this dissertation.

For each gene family with the observed MSA, we first want to find the posterior distribu-
tion of phylogenetic tree topologies τ . According to Bayes theorem, the posterior probability
of the ith phylogenetic tree topology τi conditional on the current data D is

f(τi|D) = f(D|τi)f(τi)∑N(s)
j=1 f(D|τj)f(τj)

, (3.1)

where f(D|τi) is the likelihood of the ith tree topology, f(τi) is the prior probability of
the ith tree topology. The denominator is the sum over all possible N(s) = (2s−5)!

2s−3(s−3)! un-
rooted trees for s species, which makes the posterior probability analytically impossible to
calculate [17]. Thus, we used the Metropolis-Hasting (MH) algorithm to approximate the
posterior probabilities, as described in Algorithm 1. The calculation of likelihood depends
on some unknown parameters. A brief introduction of those parameters will be provided in
the following subsections.

DNA sequence evolution model To calculate the likelihood function f(D|τi), we as-
sume the tree τi comes with a set of branch lengths in vi and a stochastic model of DNA
substitution. MrBayes was run using the General Time Reversible (GTR) model of sequence
evolution with a proportion of invariable sites and a Gamma-shaped distribution of rates
across sites, namely a GTR + I + Γ model.

The GTR model was first generally demonstrated by Simon Tavaré in 1986 [44]. The
core of the GTR model is to specify the (unscaled) instantaneous rate of DNA substitution
as a 4× 4 stochastic matrix Q:
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Q =
{
qij
}

=

[
A
] [

C
] [

G
] [

T
]



[
A
]

. πC · rA
C πG · rA
G πT · rA
T[
C
]

πA · rA
C . πG · rC
G πT · rC
T[
G
]

πA · rA
G πC · rC
G . πT · rG
T[
T
]

πA · rA
T πC · rC
T πG · rG
T .

where qij(i 6= j) indicates the rate of change from nucleotide i to nucleotide j, and i, j ∈{
A,C,G, T

}
. The model is “time reversible“ because the substitution from nucleotide i to

nucleotide j have the same rate of substitution from nucleotide j to nucleotide i. The GTR
model parameters are composed of the equilibrium base frequencies for four nucleotides,
π = (πA, πC , πG, πT ), indicating the frequency at which each base occurs at each site;
and six substitution rate parameters, r = (rA
C , rA
G, rA
T , rC
G, rC
T , rG
T ), indi-
cating the rate of replacement of one base by another. The diagonal elements are spec-
ified as the negative sum of the elements in each row, which means qii = −

∑
j 6=i qij

so that the sum of each row equals 0. For example, the dot on the first row represemts
−(πC · rA
C + πG · rA
G + πT · rA
T ).

By default, MrBayes assumes equal rates of substitution among nucleotide sites [34]. It
is unrealistic because different sites have different functional roles in the gene and there-
fore lead to substitution-rate variations. Instead, we run MrBayes using the I + Γ model
of sequence evolution with rate heterogeneity among sites. It is composed of two layers:
the first layer assumes a proportion (λ) of sites are invariable while the other (1− λ) sites
may evolve over time; the second layer assumes the substitution rate to be drawn from
a gamma distribution, based on a discrete gamma model suggested by Yang [50]. In the
discrete gamma model, they control the mean of gamma distribution to be 1, and set the
scale and the shape parameters to be equal in order to avoid using too many parameters. In
other words, the extent of rate variation is determined by a single shape parameter α, and
a small value of α indicates a significant rate variation among sites. To sum up, the I + Γ
model of sequence evolution has two parameters, including the proportion of invariable sites
(λ) and the shape parameter of the gamma distribution (α).

Prior probability distribution From Bayesian perspective, the parameters are viewed
as random variables, therefore a prior probability density is required to be specified to cover
the nature of the random variation. In summary, there are six types of parameters to set
priors in the phylogenetic model : topology (τi), branch lengths (vi), equilibrium frequencies
of the nucleotides (π), nucleotide substitution rates (r), the proportion of invariable sites
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(λ), and the shape parameter of the gamma distribution that determines rate variation (α).

We used a default setting on those priors in MrBayes since they work well for most
analyses. By default, MrBayes has a uniform setting on topologies by assigning equal prior
probabilities to all different fully-resolved topologies τi. For the branch lengths vi, they
are assumed to follow an exponential distribution with a rate parameter 10 (mean 0.1),
i.e. vi ∼ Exp(10), allowing values of vi to range from 0 to ∞. The stationary nucleotide
frequencies π and the nucleotide substitution rates r of the GTR rate matrix are assumed
to follow a “flat” Dirichlet distribution respectively, with all distribution parameters equal
to 1 [23]:

π = (πA, πC , πG, πT ) ∼ Dir(1, 1, 1, 1),

and
r = (rA
C , rA
G, rA
T , rC
G, rC
T , rG
T ) ∼ Dir(1, 1, 1, 1, 1, 1),

which allows equal rates of change between nucleotides. The proportion of invariable site λ
is assumed to be uniformly distributed between 0 and 1:

λ ∼ Uniform(0,1).

For the shape parameter α from the gamma distribution of rate variation, we did not have
good prior knowledge about the variance in site rates, thus we place an uninformative prior
on α, which is an exponential distribution with rate parameter 1:

α ∼ Exp(1).

MCMC sampling method Now, the phylogenetic model gives us f(D|τi,vi,π, r, λ, α)
instead of the likelihood f(D|τi) from Bayes equation (3.1). Let θ denote the parameters
in GTR model, i.e. θ =

{
π, r

}
. Under the assumption of independent sites, the likelihood

f(D|τi) from Bayes equation (3.1) becomes

f(D|τi) =
∫∫∫∫

f(D|τi,vi,θ, λ, α)f(vi)f(θ)f(λ)f(α)dvi dθ dλ dα, (3.2)

where f(vi), f(θ), f(λ), and f(α) are our prior beliefs mentioned previously. Computing
equation (3.2) is difficult because it involves multidimensional integrals, including discrete
and continuous components, and therefore is too expensive to calculate.

Usually, the posterior distribution f(τi|D) is a complicated function over a large param-
eter space that cannot be calculated analytically. However, the posterior probability of phy-
logenies can be estimated through sampling trees from the posterior probability distribution
[17]. We can simulate tree samples from the target distribution, f(τi|D), by constructing an
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ergodic Markov Chain 1 such that this chain finally converges to the stationary distribution
f(τi|D). Markov Chain Monte Carlo (MCMC) can be used to sample phylogenies according
to the target distribution. To construct the Markov chain, the MCMC method we used here
to approximate f(τi|D) is the Metropolis-Hastings algorithm.

Let Ψ =
{
τ,v,θ, λ, α

}
be a tree with branch lengths and model parameters, which

denotes the current state of the chain. Let Q(Ψ′|Ψ) denote the proposal distribution defined
as the probability of proposing the new state Ψ′ given the current state Ψ; while Q(Ψ|Ψ′) is
defined reversely. The Metropolis-Hastings algorithm generates a collection of states through
the following transitions:

Algorithm 1 Metropolis-Hastings Algorithm
1: Initialize the Markov chain at state Ψ(0).
2: Iteration for q = 1, 2, ..., N .

• Draw a new state Ψ(q) randomly from a proposal distribution Q(Ψ(q)|Ψ(q−1)).

• Calculate the acceptance probability r(Ψ(q),Ψ(q−1)) = min(1, f(D|Ψ(q))
f(D|Ψ(q−1)) ×

f(Ψ(q))
f(Ψ(q−1)) ×

Q(Ψ(q−1)|Ψ(q))
Q(Ψ(q)|Ψ(q−1))).

• Draw a random variable u from Uniform(0,1).

• If u ≤ r(Ψ(q),Ψ(q−1)), Move to the new state Ψ(q); otherwise remain in current
state Ψ(q−1).

Eventually, the sequence of visited states forms an MCMC chain. The stationary distri-
bution of the chain is the joint probability density of tree topologies, branch lengths, and
substitution parameters. The inferences of phylogenetic trees can be saved during the course
of MCMC analysis. The initial portion of an MCMC sample will be discarded to allow the
Markov chain to reach stationarity, so-called burn-in period. We focus on those trees being
generated after the burn-in period.

Convergence diagnostics For each gene family, two independent MCMC chains started
from different random trees are computed with a burn-in period of 25% samples. The tree
samples were saved (i.e., thinned) every 500 iterations, and we ended the Markov chain after
N = 10, 000, 000 iterations, leading to a maximum of 20, 000 sampled gene trees. The gene
families in which both MCMC chains generated less than 5, 000 samples were discarded
from further analysis. The assessment of convergence in MrBayes is based on average stan-
dard deviation in split frequencies (ASDSF), which averages the standard deviations of the

1A Markov chain is a chain system that contains transitions from one state to another, where the prob-
ability of the future state of the system is dependent only on the current state of the system.
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frequency of each clade across all runs. As the ASDSF approaches 0, the MCMC chain
converges onto the stationary distribution [20, 34]. We used 0.01 as a threshold of ASDSF
to determine if the MCMC chain has converged or not. These sampled gene trees with
ASDSF below 0.01 are referred as MrBayes trees representing the evolution of the corre-
sponding gene family. Finally, two sets of MrBayes trees were generated for each gene family.

3.2 ALE: Reconciling Sampled Gene Trees with the Species
Tree to Infer HGTs

Next, the obtained MrBayes trees and the rooted species tree were provided as input to
ALE for amalgamated likelihood estimation. ALE is a probabilistic approach that explores
all reconciled gene trees that can be pieced together as a combination of clades observed
in MrBayes trees [41]. It is implemented by accounting for gene duplication, gene loss and
HGT 2. According to a simulation study over 36 cyanobacteria genomes in [41], the gene
trees reconstructed based on ALE approach are dramatically more accurate than those
reconstructed based on molecular sequences alone. In this section, we provide a general
idea of ALE approach. For the open source implementation of ALE, please refer to https:

//github.com/ssolo/ALE.

Gene tree-species tree reconciliation ALE is implemented in the context of a gene
tree-species tree reconciliation framework, which allows for gene duplication, loss and trans-
fer (DTL). A species tree is a phylogenetic tree that demonstrates the actual evolutionary
history of the species. The internal nodes of a species tree correspond to species-level events,
such as speciation events. A gene tree is a phylogenetic tree that represents the evolution-
ary pathway of the genes included in the study. Gene trees can provide information about
both gene-level events and species-level events. Therefore, a gene tree and a species tree
can be incongruent for many reasons including DTL events. Reconciling a gene tree with a
species tree requires a mapping of each node of the gene tree to the nodes or branches of
the species tree using a series of gene-level and species-level events [25]. An example of gene
tree-species tree reconciliation invoking speciation and DTL events is given in Figure 3.1.
The speciation events occur at the internal nodes of S. A gene transfer from species A to
B results in a new gene copy b1. And introgression in sexual species might leave a similar
signal to this HGT. Gene duplication and loss events are also inferred during reconciliation.
The gene tree that evolves inside a species tree is called a reconciled gene tree. Note that a

2As mentioned in Chapter 1, introgression and HGT leave similar genomic signatures although they are
different evolutionary mechanisms. Since HGT is also well handled by several algorithms, one way to detect
signals of introgression is to find out the HGT between two Anopheles species.
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reconciliation may include one or more reconciled gene trees along with the species tree.

Figure 3.1: Reconciled tree R between an unrooted gene tree τi and a species tree S in
a three-taxon scenario. (A) A gene tree topology. Each gene is named with the lowercase
letter of the corresponding species. (B) A species phylogeny consists of species A, B and
C. (C) Reconciled tree R is represented as a mapping of the nodes of the gene tree in (A)
onto the nodes or branches of the species tree in (B) using three speciation events (white
circle), two events of gene duplication (blue square), one event of gene loss (red cross), and
one event of gene transfer (orange star).

Conditional Clade Probability Although MCMC sampling techniques are commonly
used for estimating the posterior distributions of phylogenetic trees, a drawback of these
methods is that the MrBayes trees sampled from the converged MCMC run only takes
a small fraction of the total tree space, leading to inaccurate approximations of poste-
rior probability distribution calculated with simple sample relative frequencies [21]. For
example, given a gene family with 14 taxa, the total number of possible unrooted trees is
N(14) = 3.16234143×1011, but the MCMC samples contain at most 20,000 of these trees. To
reduce the uncertainty, the posterior probability distribution of trees recorded from MCMC
can be accurately approximated by conditional clade probability (CCP) method introduced
in [14].

A clade is a group of organisms that includes a common ancestor and all its descendents.
The species within one clade are more closely related to each other than they are to those
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Figure 3.2: A consensus tree τ described by clades γ1, γ2, γ3, γ4 and corresponding poste-
rior probabilities P (γ1|D), P (γ2|D), P (γ3|D), P (γ4|D). Each clade is composed of several
species: Clade γ1 contains all the 5 species A, B, C, D and E. Clade γ2 contains species C,
D and E. Clade γ3 contains species C and D. Clade γ4 contains species A and B.

species outside the clade. Suppose Figure 3.2 gives an example of a consensus tree 3 and
corresponding clade posterior probabilities from a sample of trees. The tree can be described
by its clades γ1, γ2, γ3, and γ4, where γ1 represents the set of species for the whole tree. We
can write γ1 as γ1 = (A,B,C,D,E). According to the rules of conditional probability, the
event that τ being the true tree is equivalent to the intersection of events that the true tree
contains clades γ2, γ3, and γ4. In this case, the probability of τ being the true tree is

P (τ) = P (γ2 ∩ γ3 ∩ γ4) = P (γ2 ∩ γ4)P (γ3|γ2 ∩ γ4). (3.3)

Based on an assumption that the clades in different regions of the tree might be approxi-
mately independent, the conditional probabilities in Equation (3.3) can be further simplified.
For instance, in Figure 3.2, given an edge that separates clade γ4 from species C, D and E in
the tree, the clade γ2 that further develops the opposite side of this edge is approximately
independent from γ4. Under the principle of conditional independence of separated clades,
the conditional probability P (γ3|γ2 ∩ γ4) can be simplified as P (γ3|γ2) because the edge
separates clade γ2 also separates its daughter clade γ3 from clade γ4 in the tree. Therefore,
the probability in equation (3.3) leads to the expression as follows:

P (τ) ≈ P (γ2 ∩ γ4)P (γ3|γ2). (3.4)

3A consensus tree is a graphical way to display the collection of most probable clades from a sample of
trees.
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In a more general case, let γL and γR be the left subclade and right subclade splitting
the mother clade γ. Each of the two probability terms in Equation (3.4) follows the form
P (γL ∩ γR|γ). This is true even for subclades with only a single taxa, yielding P (γ2 ∩ γ4) =
P (γ2∩γ4|γ1) and P (γ3|γ2) = P (γ3∩Species E|γ2). Consider an arbitrary binary rooted tree
T where each clade γ contains at least 2 taxa including the clade Γ containing all taxa in
the tree. The posterior probability of the tree T given the ubiquitous clade Γ representing
all taxa can be approximated:

qT (Γ) =
∏

γ∈ all clades of T , |γ|>1
P (γL ∩ γR|γ), (3.5)

where
P (γL ∩ γR|γ) = P (γL ∩ γR ∩ γ)

P (γ) .

P (γL ∩ γR|γ) can be estimated from the MCMC sample such that P (γL ∩ γR ∩ γ) is the
joint frequency of observing the split implying clades γL, γR associated with their parent
clade γ, and P (γ) is the frequency of observing the parent clade γ.

Amalgamated Likelihood Estimation ALE method combines the CCP-estimate se-
quence likelihood based on MrBayes sampled trees, with a reconciliation model that ac-
counts for DTL events, to reconstruct gene trees and infer the HGTs.

Within a gene family, consider n samples of MrBayes trees denoted by τ =
{
τ1, τ2, . . . , τn

}
with max(n) = 20, 000. As mentioned earlier, CCP method is used to estimate the posterior
probability of a gene tree τi that can be pieced together from clades observed in the sam-
ple of trees τ =

{
τ1, τ2, . . . , τn

}
. This is a process called gene tree amalgamation [41]. The

CCP-estimated posterior probability is nonzero only if the gene trees can be amalgamated,
and zero otherwise.

The basic idea of ALE in our study is to exhaustively explore the space of reconciled gene
trees that can be amalgamated from the clades present in MrBayes trees. To be specific,
ALE was implemented to estimate the likelihood of DNA sequence alignment D conditional
on the species tree S (given in Figure 2.6) and a reconciliation modelM , where the modelM
allows for gene duplication (rate δ), gene loss (rate φ), gene transfer (rate ν), and speciation
(rate σ), i.e. M =

{
δ, φ, ν, σ

}
. According to Bayes’ rule, the parameters of the model M can

be estimated given the species tree S and alignment D, which is expressed as

f(M |S,D) ∝ Ljoint(D|S,M)f(S,M),
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where the likelihood can be expressed as

Ljoint(D|S,M) ≈
n∑
i=1

P (D|τi)P (τi|S,M) ≈
n∑
i=1

[
qτi(Γτi)

∑
(e,t)

Pe(Rτi , t)
]
. (3.6)

Based on the law of total probability, the likelihood can be first written as the sum of the
product of P (D|τi) and P (τi|S,M) over all gene tree topologies. The value of qτi(Γτi) is the
CCP-estimate posterior probability of gene tree τi that can be amalgamated from clades
present in MrBayes trees, where Γτi is a ubiquitous clade consisting of all taxa in τi. The
value of Pe(Rτi , t) is a reconciliation likelihood calculated using a series of speciation and
DTL events that draw Rτi-rooted gene tree τi into the species tree S recursively in terms
of the speciation time t and branch e along S. A recursive calculation of reconciliation
likelihood is illustrated in Figure B.2. The sum

∑
(e,t) Pe(Rτi , t) runs over all branch-time

pairs in the species tree S [42]. Here ALE assumes the branch lengths of the species tree to
be 1 by default. The amalgamated likelihood in Equation (3.6) is approximate because it
is computed based on the approximate independence assumption for CCP estimates. The
details of the joint likelihood in Equation (3.6) can be found in [41]. In general, given a
set of MrBayes trees, ALE extracts the clades observed in these trees associated with their
frequencies, and explore the space of reconciled gene trees that can be amalgamated from
these clades while maximizing the likelihood of observing the reconciled gene tree. The result
is a maximum likelihood amalgamated reconciled gene tree; when used with its Bayesian
MCMC sampling mode, ALE can also determine the DTL rates and sample reconciled gene
trees.

For each homologous gene family, the MrBayes trees and the species tree given in Fig-
ure 2.6 were provided as input to ALE. Then ALE was run independently on the two sets
of MrBayes trees in a Bayesian MCMC sampling mode. For each ALE run, there were
100, 000 iterations of the MCMC chain in total, and a reconciled tree was sampled every
100 iterations, resulting in 1, 000 sampled reconciled gene trees. We call these two sets of
sampled reconciled gene trees the ALE trees. In addition, a maximum likelihood amalga-
mated reconciled gene tree was computed for each ALE run. Gene families for which the two
amalgamated reconciled gene trees were not identical were excluded from further analysis.
In addition, ALE can produce inferred HGT events and their frequencies. An HGT event
is defined by a donor species d and a receptor species r, which is denoted by the ordered
pair (d, r). The frequency of an inferred HGT event is obtained by averaging the frequency
of observing this HGT in the ALE trees over two independent ALE runs; note that d and r
can both be either an extant or an ancestral species. The final output of this stage is a list
of quadruples (donor d, receptor r, family g, frequency f). Each quadruple records that for
a given family g, an HGT from species d to species r was observed in the sampled reconciled
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gene trees with frequency f . We used the remaining inferred HGT events to detect signals
of introgression in the rest of work.

3.3 MaxTic: Time Consistency of Inferred HGTs

It is known that accurate detection of HGT is challenging, especially when using an un-
dated species tree. Thus, evaluating noises due to likely false HGTs is important. To do
so, we rely on a method proposed by Chauve in 2017, called Maximum Time Consis-
tency, or MaxTiC [5]. The implementation of MaxTiC written in Python is available at
https://github.com/ssolo/ALE/tree/master/maxtic.

For each gene family, each HGT event inferred by ALE has a donor species d and a
receptor species r. Let a denote the most recent common ancestor of the donor species d. In
our case, a time constraint is then defined as a > r, which means a must be older than r. We
assigned a weight to this time constraint a > r, which is the frequency that the constraint
a > r is found in 1, 000 reconciled gene trees, summed across all gene families. Based on
the list of quadruples obtained from ALE results, consider the frequency of a HGT event
(d, r) in a gene family g is f(a>r|(d,r),g). Let G represent the set of gene families. The weight
of the time constraint associated with (d, r), i.e. a > r, can be written as

w(a>r|(d,r)) =
∑

all g ∈ G
f(a>r|(d,r),g). (3.7)

A large number of time constraints can be used to order the internal nodes and produce
a ranked phylogeny. However, there might exist conflicts in time constraints such that differ-
ent constraints result in different ranked version of the phylogeny. An example of conflicting
constraints is provided in Figure 3.3. On the basis of some HGT events, Y is found to be
older than X, and Z is found to be older than T , but T is an ancestor of Y and X is an
ancestor of Z. We cannot construct a phylogeny to satisfy both constraints. In this case, a
conflict occurs.

Let C be the set of time constraints with weights inferred from l ALE gene transfers,

C =
{
w(a1>r1|(d1,r1)), w(a2>r2|(d2,r2)), ..., w(al>rl|(dl,rl))

}
,

where ai is the most recent ancestor of the donor species di, and ri is the receptor species,
i = 1, 2, ..., l. Given C derived from a set of HGTs, MaxTic searches for a subset C0 ⊂ C

maximizing the total weights, where all constraints in C0 are compatible with the total
order of the species tree (so-called time consistency), and we denote this maximum weight
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Figure 3.3: Two conflicting constraints: Y > X and Z > T . Each of the constraints can be
fulfilled by different ranked versions of the phylogeny, but they cannot occur simultaneously.
This figure is retrieved from [5].

as Wconsistent. Note that, by definition, a HGT whose donor is an extant species does not
create a constraint that can conflict with a ranking of the internal nodes. As a consequence,
we excluded such constraints from the input of MaxTiC. We applied MaxTiC with inputs
composed of time constraints or ranking constraints derived from HGTs, obtained by fil-
tering out inferred HGTs with frequencies below a threshold t. In our study, t ranges from
0.20 to 0.95 by steps of 0.05.

The result of MaxTiC, for a given value of the threshold t, is composed of two sets of
ranking constraints: the constraints consistent with the computed ranking of the internal
nodes of the species tree, where the weights are denoted byWconsistent at t; and the constraints
conflict with the computed ranking of the internal nodes of the species tree, where the
weights are denoted by Wconflict at t. We define the consistency ratio as the ratio between
the weight of the time consistent constraints and the weight of all considered constraints at
frequency threshold t,

consistency ratio at t = Wconsistent at t
Wconsistent at t +Wconflict at t

. (3.8)

Intuitively, a high consistency ratio points to a low proportion of erroneous HGTs inferred
by ALE. We would like to observe the consistency ratio as high as possible to gain robust
HGTs. Afterwards, the post-filtered HGTs are taken into next stage for statistical tests.

3.4 Multiple Hypothesis Testing: Detecting Potential Intro-
gressed Segments

Gene duplication and HGT are two gene-level evolutionary mechanisms that can cause in-
congruence between a gene tree and a species tree, which have been taken into account
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in ALE model. However, incomplete lineage sorting (ILS, as mentioned in Chapter 1) is
another common mechanism that can cause phylogenetic incongruence, which is not con-
sidered in the ALE model. A crucial problem of detecting introgression in our study is to
distinguish the effects of introgression from ILS because both of them can result in HGT-
like patterns in reconciled gene trees, as shown in Figure 1 from Yu’s work [52]. To resolve
this problem, we rely on the assumption that unlike ILS, the introgression is more likely
to impact blocks of contiguous genes [39]; while ILS is expected to impact genes randomly
located along chromosomes. With this assumption, for a given pair of species (d, r), we
aim at detecting genome regions where the concentration of genes and corresponding gene
families whose evolutionary history involves post-filtered HGT from d to r is significantly
higher. For example, the (1, 1) subplot in Figure 4.5 shows a significant signal of introgres-
sion instead of ILS; whereas (2, 1) shows oppositely. As Anopheles gambia is the only fully
assembled genome in our data set, we used five chromosomal arms of Anopheles gambia,
including chromosome 2L, 2R, 3L, 3R and X, to perform statistical tests within genome
segments; we discuss the impact of this approximation in Chapter 5.

We designed our analysis as follows. Consider an Anopheles gambiae genome segment
(called a window from now) containing k genes. Within a given window, let p denote the true
probability of observing a gene from a family whose evolution involves a (d, r) HGT, and p0

be the average of the (d, r) HGT frequencies for all the genes on the whole genome. Here,
the HGTs we consider are the ones inferred from the ALE results. A statistical hypothesis
test is conducted to test the null hypothesis (H0), p = p0, versus the alternative hypothesis
(Ha), p > p0. It is a one-sided test because we are interested in significant evidence of gene
transfer events that suggest potential introgression. Let Xi be the number of observed HGTs
from d to r in the m ALE sampled reconciled gene trees for the i-th gene in the window,
where i = 1, . . . , k. We assume the distribution of Xi to be Binomial(m, p). An unbiased
estimator for p is

p̂ =
∑k
i=1Xi

mk
.

Under the assumption that Xi’s are independent for simplicity, we have

Var(p̂) = p(1− p)
mk

.

Consequently, the test statistics

Z = p̂− p0√
p0(1− p0)/(mk)

is approximately distributed as a standard Normal distribution. Let z be the observed value
of Z given the ALE results. The p-value of the hypothesis testing can then be obtained by
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computing P (Z ≥ z) conditional on the null hypothesis being true.

It is known that falsely rejecting the true hypothesis is a risk for a hypothesis test. This is
known as the type I error and occurs with rate α. To reduce the risk of making a type I error,
researchers always set a value for α in a hypothesis test. However, the problem becomes
more serious if we perform many hypothesis tests because we are more likely to obtain “false
discoveries”. Therefore, for the multiple tests across all the windows on each chromosome,
we used False Discovery Rate (FDR)-controlling procedures to control incorrect rejections,
under the Benjamini-Yekutieli (BY) [3] procedure that controls the FDR for dependent
tests. Suppose that there are h null hypotheses Hi, i = 1, 2, ..., h, with a p-value p(i) for each
Hi. The FDR control under BY procedure generates as follows:

Algorithm 2 False Discovery Rate Control under Benjamini-Yekutieli procedure
1: We want to control FDR at level α.
2: Calculate p-values for the hypothesis tests and order the p-values as p(1) ≤ ...... ≤ p(i) ≤
.... ≤ p(h).

3: Multiply each p(i) by its adjustment factor a(i) = lh/i, with l =
∑h
k=1 1/k for i =

1, . . . , h.
4: If the multiplication in the last step does not follow the original ordering, apply a step-up

method to decrease the highest p-values: p̃(i) = minj=i,...,h ajp(j).
5: Set p̃(i) = min(p̃(i), 1) for all i.
6: For each 1 ≤ i ≤ h, check if p̃(i) ≤ α is true; if true, then significant.

Step 2-5 in the BY controlling procedure is implemented in R using "p.adjust" function.
The result of this analysis is a list of windows for which we detect a significantly higher
concentration of genes supporting an HGT from d to r under an FDR at level 1%; we se-
lected a window of size n = 20 genes, although results were similar with n = 10 or n = 30.

3.5 Flow Chart for the Research Methodology

The research methodology in our study of introgression is reviewed in Figure 3.4. First, the
genes from 14 Anopheles genomes was clustered into more than 17,000 gene families and
each family contains a multiple sequence alignment. Within each family, MrBayes was first
applied on MSA to sample gene trees, which we call MrBayes trees. These MrBayes trees
and the known species tree are provided as input to ALE to obtain bayesian sampling of
1,000 reconciled gene trees (ALE trees) built from clades of MrBayes trees, as well as a list of
the inferred HGT events associated with frequencies. Later, the inferred HGTs are brought
into MaxTiC to assess time consistency in order to remove probably false HGTs in further
analysis. Finally, we use the filtered HGTs to detect genome regions with significantly more
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genes whose evolution shows a signal of HGT than expected. The introgressed regions are
demonstrated by large chromosomal regions that concentrate many genes indicating HGTs.
Some chromoplots are presented in Section 4.4.

Figure 3.4: An overview of research methodology involved in our study.
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Chapter 4

Experiment Results

4.1 Exploring the Space of Reconcilied Gene Trees

For each gene family, we first ran MrBayes using the family’s MSA as input to produce
2 sets of up to 20,000 MrBayes trees. Those families with less than 4 genes, or at least
one MCMC chain does not converge, or less than 5000 MrBayes trees, were discarded from
further analysis. The rest of MrBayes trees and the fixed species tree were then provided
to ALE to explore the space of reconciled gene trees by considering gene duplication, gene
loss and HGT. Those gene families with two different amalgamated reconciled gene trees
generated by ALE were excluded. After filtering out the trivial gene families using the
MrBayes+ALE pipeline, the number of genes decreased from 169, 447 to 137, 180 with each
species "losing" roughly 2, 000 genes, and the number of gene families dropped from 17, 458
to 11, 589. Figure 4.1 and Figure 4.2 illustrates the impact of this filtering on genome sizes
and homologous families sizes respectively.

Figure 4.1: Number of genes for each Anopheles species after filtering out some gene families
from the MrBayes+ALE pipeline.

Comparing with Figure 2.5, we can observe a significant decrease in the number of
gene families with 12 or more genes, indicating that many of these families do not pass
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Figure 4.2: Number of genes per gene family after filtering out some gene families from the
MrBayes+ALE pipeline.

our relatively stringent filtering criteria. But the post-filtering figures are very similar to
the pre-filtering figures in general, indicating a limited impact of MrBayes+ALE filtering
criteria.

Next, we consider the inferred HGTs that can suggest potential introgression events.
For each gene family, after filtering out all HGTs that appear in less than 20% of both
sets of ALE trees, the total number of conserved HGTs is 16, 210, leading to more than
one inferred HGT events per gene family on average. Figure 4.3 shows that low-frequency
HGTs dominate the landscape, although there are 4, 771 HGTs observed with frequency at
least 50%, and 1, 778 HGTs observed with frequency at least 80%.

Figure 4.3: Distribution of the frequency of observed HGTs appearing with frequency at
least 20% in ALE trees.
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4.2 Discovering Noises in HGTs

After applying MaxTic over HGTs, the results suggest that the inferred HGTs do not
show an apparent high level of noise, measured in terms of conflicting HGTs. Again, the
consistency ratio represents the weight of the consistent constraints divided by the weight
of all considered constraints. A higher consistency ratio means a lower level of noises. At
threshold t = 25%, we filtered out inferred HGTs with frequency < 25%, the corresponding
consistency ratio is 4172.58

4172.68+377.05 ≈ 0.9171, as shown in Table 4.1. The ratio gradually
increases from 0.9080 at t = 20%, to 0.9382 at t = 50%, and 0.9736 at t = 80%, indicating
a low level of time inconsistency for HGTs with frequency higher than 20%. The most
interesting finding is that, at threshold t = 85%, only two constraints with a significant
weight are discarded, constraints (18, 15) and (14, 15). Here (x, y) means that node x should
be ranked before node y, or x is older than y, while the reversed constraints (15, 18) and
(15, 14) are conserved.

Threshold t(%) Kept Constraints (#) Weight Discarded Constraints (#) Weight Consistenty Ratio
20 39 4464.98 35 447.84 0.9088
25 32 4172.68 31 377.05 0.9171
30 29 3877.52 23 315.33 0.9248
35 25 3626.85 19 285.85 0.9269
40 21 3359.89 17 245.53 0.9319
45 20 3156.61 16 220.20 0.9348
50 18 2983.73 14 196.64 0.9382
55 15 2823.46 13 164.98 0.9448
60 13 2658.03 10 138.58 0.9504
65 10 2473.69 10 117.98 0.9545
70 7 2288.02 6 90.64 0.9619
75 7 2083.75 3 67.66 0.9686
80 6 1806.85 3 48.96 0.9736
85 4 1561.26 2 22.77 0.9856
90 3 1186.73 1 1.80 0.9985
95 1 671.19 0 0.00 1.00

Table 4.1: HGTs time consistency ratio for different level of threshold t.

4.3 Criteria of Potential Introgression Events

Following the results of MaxTiC analysis, we used stringent criteria below to classify inferred
HGTs as potential introgression events from a donor species d to a receptor species r:

• The inferred HGT must be observed in at least 50 gene families.

• Each inferred HGT must be observed at a frequency higher than 50%.

• The inferred HGT must be observed with an accumulated frequency greater than 50
across all gene families.

Figure 4.4 shows the potential introgression events detected using these criteria. As ex-
pected, most potential introgression events are recent and involve the gambiae complex,
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which agrees well with the extensive amount of introgression seen in this group by Fontaine
et al [11]; in particular, we retrieve the major introgression from Anopheles arabiensis to
the common ancestor of Anopheles gambiae and Anopheles coluzzi (ancestral species 15)
that was found in [11, 48]. We can also observe some bidirectional introgresion events at
various levels of support: (Anopheles arabiensis, Anopheles coluzzi) and (Anopheles coluzzi,
Anopheles arabiensis); (Anopheles gambia, Anopheles arabiensis) and (Anopheles arabiensis,
Anopheles gambia); (15, Anopheles arabiensis) and (Anopheles arabiensis, 15); (Anopheles
quadriannulatus, Anopheles gambia) and (Anopheles gambia, Anopheles quadriannulatus).
The only other potential event within the gambiae complex found in our analysis is the
HGT event (Aopheles quadriannulatus, Anopheles merus), agreeing with the direction pro-
posed in [48] as opposed to [11], although with a limited support. We can also observe that
the frequency of transfers is close to the number of transfers, suggesting most such transfers
actually occur more often than 50%.

Figure 4.4: Potential introgression events based on sets of at least 50 inferred HGTs of
frequency 0.5 or above and accumulated frequency at least 50. The x-axis shows 13 top
potential introgression events, and y-axis indicates the total frequency or total count of
each HGT. The green bars indicate the total number of corresponding HGTs, while the blue
bars indicate the sum of frequencies for a particular HGT event across all gene families.
For instance, the potential introgression event (ACHRI, 24) occurred 195 times across all
families as shown by the green bar, and the sum of frequency is 126.75 as shown by the
blue bar, leading to an average frequency of 0.65.

A new observation is the hypothesis of a potential introgression event from the lineage of
Anopheles christyi to ancestral species 24 within Asian clade. To the best of our knowledge,
such an ancient and potential introgression event has not been discussed in the literature
so far. This potential introgression is supported by 195 HGTs with an average frequency
of 0.65, which is comparable to other possible introgression events, such as the one from
Anopheles quadriannulatus to Anopheles gambia supported by 193 HGTs with an average

29



frequency 0.70.

In order to assess further the level of support for these various potential introgression
events, we considered the taxon coverage (i.e. number of species covered) of the gene families
whose evolution involves an HGT supporting the event. The rationale is that for HGTs
supported by gene families with low taxon coverage, the identification of the donor and
receptor species could lack precision. Overall, we find that all potential introgression events
are supported by gene families covering a large number of species, from an average of 12.51
for (Anophles arabiensis, Anopheles gambiae) to 13.89 for (Anopheles christyi, species 24).
The same analysis repeated after lowering the HGT frequency threshold to 0.2 leads to
similar results, with a slight decrease of the average taxon coverage by gene families.

4.4 Evolutionary Histories of Gene Families

Following the method of detecting introgression described in section 3.4, we explored the
concentration of genes belonging to gene families whose evolutionary history involves HGTs
(d, r) to detect signals of introgression from d to r along the chromosomes of Anopheles
gambia. Some chromoplots are given in Figure 4.4. All chromoplots are available at https:

//github.com/cchauve/Anopheles_introgression_RECOMBCG_2018. We discuss some in-
teresting observations below.

First, the pattern of potentially introgressed genes for three HGT events (Anopheles ara-
biensis, 15), (Anopheles arabiensis, Anopheles gambia), and (Anopheles arabiensis, Anophe-
les coluzzi) along the chromosome arms 2L and 3L are displayed in Figure 4.5. In each plot,
the horizontal axis represents the position along the chromosome (“bp” means base pair,
one of the pairs A-T or C-G), and the vertical axis ranging from 0 to 1 represents the cor-
responding HGT frequency from ALE results and corrected p-values under BY controlling
procedure. The average of the (d, r) HGT frequencies for all genes along the chromosome
is given at the top of each plot. Those windows with p-values (green dots) < 1% (red dot-
ted line) indicate significant evidence that we are more likely to observe the gene from a
family whose evolution involves a (d, r) HGT, and a concentration of such genes indicate
signatures of introgression. For the first HGT event (Anopheles arabiensis, 15), we observe
a concentration of genes indicating introgression on chromosome 2L and 3L. For the second
HGT event (Anopheles arabiensis, Anopheles gambia), it is interesting to observe that there
is a fairly weak signal of introgression from Anopheles arabiensis to Anopheles gambia on
chromosome arm 2L, although the signal tends to be a bit stronger on chromosome arm 3L.
For the third HGT event ( Anopheles arabiensis, Anopheles coluzzi), a signal of intrgression
is strongly detected along chromosome arm 2L, and the region it centered around is called
“2La inversion”, a widespread polymorphism related to the level of malaria infection in the
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gambiae complex [33]. There is no obvious introgression signals along chromosome 3L for
the third HGT event. Similarly, limited regions of the X chromosome being introgressed can
be observed, illustrated in Figure 4.6.

Figure 4.5: Chromoplots for HGT events (Anopheles arabiensis, 15) [Top], (Anopheles arabi-
ensis, Anopheles gambia) [Middle], and (Anopheles arabiensis, Anopheles coluzzi) [Bottom]
along chromosome arms 2L and 3L. Blue vertical bars indicate genes with their HGT fre-
quency, the red dotted line is the FDR at level 1% and green dots represent the BY corrected
p-values.

Figure 4.6: Chromoplots for the HGT events (Anopheles arabiensis, 15) [Top Left], (Anophe-
les arabiensis, Anopheles gambia) [Top Right], and (Anopheles arabiensis, Anopheles
coluzzi) [Bottom] along chromosome X.
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By looking at the chromoplots obtained from the HGTs observed between the lineage of
Anopheles christyi and species 24 in Figure 4.7, we can see a level of support of introgression
similar to the potential events located within the gambiae complex, although with a much
stronger signal of introgression located on the X chromosome.

Figure 4.7: Chromoplots for the potential introgression event from An. christyi to species 24
on five chromosomes. A relatively strong signal of introgression is observed on chromosome
X.

Within the gambiae complex, we retrieve patterns observed in other works. For example,
Wen et al. mentioned that the introgression from Anopheles quadriannulatus to Anopheles
gambia involves mostly 2La inversion [48], for which we obtained similar results as shown
in Figure 4.8. We also detect the signal for an introgression event from Anopheles quadri-
annulatus to Anopheles merus on limited regions of chromosomal arms 3R and 3L, as given
in Figure 4.9, which further confirms the findings discussed in [48].
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Figure 4.8: Chromoplots for introgression from Anopheles quadriannulatus to Anopheles
gambia on five chromosomes. A relatively strong signal of introgression is observed on chro-
mosome 2L, so-called 2La inversion.

Figure 4.9: Chromoplots for introgression from Anopheles quadriannulatus to Anopheles
melus on five chromosomes. Introgression is detected on limited regions of chromosome 3L
and 3R.
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Chapter 5

Discussion

We present an efficient statistical method that detects signals of introgression events by
inferring HGTs through a gene tree-species tree framework, which accounts for gene dupli-
cation and gene loss simultaneously. This approach benefits from the recent development
of phylogenetic analysis tools, including MrBayes, ALE, and MaxTiC. These tools are ap-
plied on a well-studied large dataset of 14 Anopheles genomes covering both African and
Asian mosquitoes. Relying on the hypothesis that introgression concerns blocks of con-
tiguous genes, we finally recover extensive introgression within the gambiae complex, as
discussed in [11]; and propose a potential ancient introgression event between more distant
species: from the lineage of Anopheles christyi to the common ancestor of Asian Anopheles
mosquitoes.

The approach we proposed for detecting signals of introgression has several advantages.
First, compared to existing methods, the reconciliation framework in our approach can han-
dle gene families with gene duplication and gene loss events. Secondly, sampling reconciled
gene trees provides a more nuanced view of gene family evolution, for which the sampling
frequency of HGTs can be used to discard probably false HGTs, and therefore improves
overall accuracy of detecting intrgression. More importantly, our approach is applied to a
relatively large data sets containing 14 genomes, which makes a strong contrast with meth-
ods based on summary statistics.

However, this approach still needs to be studied in terms of accuracy and performance
on simulated data sets. The impact of errors in gene families, gene trees and the considered
species tree should also be assessed in these simulations. It would also allow for evaluating
different reconciliation algorithms, including recently developed algorithms that account for
ILS [4, 43]. SimPhy, a fast and flexible software package for phylogenetic simulation under
ILS and gene DTL events, would be a possible way to conduct simulation in our case [27].
Also, we can make a comparison of introgression events between ALE and other different
reconciliation methods, such as NOTUNG [6] and Ranger-DTL [2], in order to see if we
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observe similar introgression results.

While disentangling introgression from ILS, we pay attention to HGTs in a block of
contiguous genes to infer introgression events, comparing with genes randomly scattered
on the chromosome in cases of ILS. Such spatial co-localization tests become less powerful
when we only use the fully-assembled genome of Anopheles gambia to show all potential
introgression events along five chromosomes. We could also test the impact of using frag-
mented assemblies of extant or ancestral species instead of Anopheles gambia on the spatial
co-localization test [1]. But we expect to see less introgressed regions along fragmented as-
semblies of genome.

In conclusion, our work demonstrates a reconciliation-based approach to study introgres-
sion in a larger data set. The results on the Anopheles data set confirm previous reported
results and infer an unreported introgression event between Asian and African Anopheles,
which displays the power of our technique. Some more studies need to be conducted to
check accuracy and performance, such as testing performance on simulated datasets, and
comparing with other reconciliation methods. From an applied point of view, the hypothesis
of the introgression event between Anopheles christyi and the Asian mosquitoes clade is an
interesting direction to study further.
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Appendix A

Code scripts

A.1 MrBayes code

We ran MrBayes for the aligned DNA sequences within each gene family as following,

begin mrbayes;
set autoclose=yes nowarn=yes;
execute data.nex;
prset brlenspr=unconstrained:exp(10.0);
mcmcp ngen=10000000;
mcmcp Nchains=1;
lset nst=6 rates=invgamma ngammacat=4;
prset tratiopr = beta(1, 1);
lset nst=6;
mcmc;
sumt;
end;
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Appendix B

Figures

B.1 NEXUS Data Block

Figure B.1: An example of a NEXUS data block from one of the Anopheles gene families.
As seen in the figure, the DNA sequence alignments has been translated to a 2 (number of
taxa) × 492 (number of sites) aligned matrix, which will be taken as input for MrBayes.
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B.2 Reconciliation Likelihood in ALE

Figure B.2: Reconciling a gene tree τ (blue line) with the species tree S (outside tube) that
involves a duplication and two speciations. This figure is adopted from Figure 1 created
by Szöllősi et al [41]. The time along S from present day to history has been discretized
into

[
0, t1),

[
t1, t2), and

[
t2, t3). Note that PA(c1c2, t1), PA(c1, t1), and PA(c2, t1) should be

PC(c1c2, t1), PC(c1, t1), and PC(c2, t1). It calculates the probability PABC(abc1c2, t3) of see-
ing the root of τ at the root of S using reconciliation events that map τ into S (some terms
are not shown). In general, the evolutionary scenario is unknown and we must sum over all
possible ways to map τ into S. GBC(t3, t2) indicates the single-gene propagation probability
between time t2 and t3 along branch splitting species B and C; similarly for GA(t3, 0).
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