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Abstract

Over the last few decades, phylogenetics has emerged as a very promising field,
facilitating a comparative framework to explain the genetic relationships among
all the living organisms on earth. These genetic relationships are typically rep-
resented by a bifurcating phylogenetic tree — the tree of life. Reconstructing a
phylogenetic tree is one of the central tasks in evolutionary biology. The different
evolutionary processes, such as gene duplications, gene losses, speciation, and lat-
eral gene transfer events, make the phylogeny reconstruction task more difficult.
However, with the rapid developments in sequencing technologies and availabil-
ity of genome-scale sequencing data, give us the opportunity to understand these
evolutionary processes in a more informed manner, and ultimately, enable us to
reconstruct genes and species phylogenies more accurately. This thesis is an at-
tempt to provide computational methods for phylogenetic inference and give tools
to conduct genome-scale comparative evolutionary studies, such as detecting ho-
mologous sequences and inferring gene families.

In the first project, we present FastPhylo as a software package containing fast
tools for reconstructing distance-based phylogenies. It implements the previously
published efficient algorithms for estimating a distance matrix from the input se-
quences and reconstructing an un-rooted Neighbour Joining tree from a given dis-
tance matrix. Results on simulated datasets reveal that FastPhylo can handles hun-
dred of thousands of sequences in a minimum time and memory efficient manner.
The easy to use, well-defined interfaces, and the modular structure of FastPhylo
allows it to be used in very large Bioinformatic pipelines.

In the second project, we present a synteny-aware gene homology method,
called GenFamClust (GFC) that uses gene content and gene order conservation to
detect homology. Results on simulated and biological datasets suggest that local
synteny information combined with the sequence similarity improves the detection
of homologs.

In the third project, we introduce a novel phylogeny-based clustering method,
PhyloGenClust, which partitions a very large gene family into smaller subfamilies.
ROC (receiver operating characteristics) analysis on synthetic datasets show that
PhyloGenClust identify subfamilies more accurately. PhyloGenClust can be used as
a middle tier clustering method between raw clustering methods, such as sequence
similarity methods, and more sophisticated Bayesian-based phylogeny methods.

Finally, we introduce a novel probabilistic Bayesian method based on the DL-
TRS model, to sample reconciliations of a gene tree inside a species tree. The
method uses MCMC framework to integrate LGTs, gene duplications, gene losses
and sequence evolution under a relaxed molecular clock for substitution rates. The
proposed sampling method estimates the posterior distribution of gene trees and
provides the temporal information of LGT events over the lineages of a species
tree. Analysis on simulated datasets reveal that our method performs well in iden-
tifying the true temporal estimates of LGT events. We applied our method to the
genome-wide gene families for mollicutes and cyanobacteria, which gave an inter-
esting insight into the potential LGTs highways.
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Sammanfattning

Fylogenetik har kommit fram som ett mycket lovande fält de senaste de-
cennierna, vilket har möjliggjort ett jämförande perspektiv för att förklara sam-
band mellan jordens organismer. Dessa samband är typiskt representerade
med ett binärt grenande fylogenetiskt träd — Livets träd. Att rekonstruera ett
fylogenetiskt träd är ett av de centrala uppgifterna i evolutionsbiologi. De olika
evolutionära processerna, exempelvis genduplikation, genförlust, och lateral
transfer mellan arter, gör fylogenirekonstruktionsproblemet mycket svårt. Den
snabba tekniska utvecklingen av sekvenseringsteknik och tillgängligheten av
storskaliga sekvensdata gör det möjligt att förstå dessa evolutionära proces-
ser på ett grundligt sätt och, slutligen, korrekt rekonstruera gener och arters
evolution. Denna avhandling är ett försök att bidra med beräkningsmetoder
för fylogenetisk inferens och verktyg till att genomföra storskaliga jämförande
evolutionära studier, som till exempel att detektera homologa sekvenser och
indela gener i familjer.

I det första projektet presenteras FastPhylo, ett programpaket som innehål-
ler verktyg för att rekonstruera fylogenier med avståndsbaserade metoder. Det
implementerar tidigare publicerade algoritmer för att beräkna en avståndsma-
triser givet sekvensdata och rekonstruera orotade träd med metoden Neighbor
Joining. Resultat på simulerade data visar att FastPhylo kan hantera hundratu-
sentals sekvenser som indata på ett effektivt sätt, både vad gäller datorminne
och tidsåtgång. Användargränssnittet är enkelt med en modulär struktur som
gör FastPhylo lätt att använda i systematiska bioinformatiska beräkningar.

I det andra projektet presenterar vi en metod för att avgöra homologi som
tar hänsyn till information om synteni. Metoden, GenFamClust (GFC), använ-
der information om vilka gener och deras inbördes ordning i arvsmassor. Re-
sultatet på simulerade och biologiska datamängder visar att information om
lokal synteni kombinerat med sekvenslikhet förbättrar detektionen av homo-
loger.

I det tredje projektet introducerar vi en ny fylogeni-baserad clustringsme-
tod, PhyloGenClust, som partitionerar en mycket stor genfamilj i mindre del-
familjer. Analys på syntetiska data visar att PhyloGenClust identifierar delfa-
miljer bra. PhyloGenClust kan användas som ett mellan-alternativ till enkla
clustringsmetoder, exempelvis baserade på likhetsmått, och mer sofistikerade
metoder baserade på Bayesianska fylogenimetoder.

Slutligen introducerar vi en ny probabilistisk metod för att datera gentrans-
fer baserad på DLTRS-modellen. Metoden använder MCMC som ett ramverk
för att integrera lateral transfer (LGT), genduplikation, genförlust, och sekven-
sevolution med relaxerad molekylär klocka i en och samma modell. Den före-
slagna metoden estimerar posteriorifördelningen av genträd och bidrar med
temporal information för LGT-händelser på kanterna i ett artträd. Analys på
simulerade data visar att vår metod är bra på att identifiera tiderna för LGT.
Vi använde vår metod på gener från fullständiga arvsmassor för cyanobakte-
rier och mollicuter, vilket gav insikt i potentiella välanvända vägar för lateral
transfer.
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Chapter 1

Introduction

“When randomness adopts pattern...”

—Anonymous

1.1 Fundamentals

There has been always a continuous conflict between human’s curiosity and sat-
isfaction. The former, being more dominant, has given raise to a multitude of
amazing discoveries we witness in the world today. The later, however, is mostly
responsible for putting a bound over curiosity’s level in order to maintain balance.
Being driven by curiosity, many asks the very basic question about the existence
of life; whether to call it a design or a random chance? There has been a mul-
titude of debates and discussions about such topic and every one has their own
favourite opinion. We don’t know how life started on earth, but irrespective of
whichever mechanism is behind it, is commonly agreed that it is somehow a rare
event [109, 172]. One of the intrinsic properties of life is that, once started, it tends
to reproduce. This process of reproduction, along with the notion of adaptation to
an environment, are prerequisites to biological evolution. Evolution is a dynamic
process mainly depended on the notion of “survival of the fittest” which is central
to the process of natural selection. Thus, making it possible for some forms of life
(extremophiles) to survive in harsh environments while other goes extinct. Over
the time, populations grow, remain constant, shrink, and go extinct. In this the-
sis, we will study molecular evolution and discuss computational methods for its
study.

1.2 Thesis Overview

This thesis is an attempt to extend further computational methods for phyloge-
netic inference and provide tools to conduct genome-scale comparative evolution-
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8 CHAPTER 1. INTRODUCTION

ary studies.

Reconstructing genes and species phylogenies are crucial to many evolutionary
studies. Traditionally, evolutionists were using morphological data to infer species
evolution, but with the advent of modern molecular biology, the focus has been
shifted towards the molecular data that gives more insight into the historic rela-
tionship of genes and species. These relationships are typically depicted using
trees. A gene tree represents homologous relationship between set of genes, while
species tree represents the evolutionary history of a given set of species. Over the
last few decades, a plethora of methods for reconstructing genes and species trees
have been proposed. These methods can be broadly categorized into distance-
based and character-based methods. In distance based methods, all the pair-wise
distances between a given set of molecular sequences are calculated and stored
in a matrix representation. The resultant distance matrix is then used to recon-
struct a gene or species phylogeny. In Paper I of this thesis, we provide a software
package, called FastPhylo, containing fast tools for reconstructing distance-based
phylogenies. On the contrary, character-based phylogeny reconstruction methods
use the actual genetic information, instead of pre-computed pairwise distances,
to reconstruct gene or species trees. It includes methods like parsimony, ML, and
Bayesian methods. Section 3.2 of this thesis, gives a detail overview of the phy-
logeny reconstruction methods.

Detecting homologous relationships among set of genes is an important step in
many comparative genomic studies, such as inferring gene families, protein struc-
tural and function predictions etc. There are number of methods available that
use sequence similarity measure to detect homology, either by employing a simple
threshold or using graph theocratic approaches. Recent advancements in research
revealed that most of the gene families comes from tandem duplications [122, 51],
which strengthens the support of using syntenic information as one of the param-
eters for inferring homology [168]. In Paper II of this thesis, we work with the
homology detection problem and present a novel synteny-aware gene homology
method, called GenFamClust (GFC), which uses local-synteny information along
with the sequence similarity to detect homologous sequences.

One of the common problems with sequence similarity methods is that they are
sensitive to the sequence similarity thresholds, and usually end up in very large
families that are not feasible to conduct the downstream analysis, such as Bayesian
phylogenetic analysis. In Paper III, we develop a novel phylogeny-based gene
family inference method, called PhyloGenClust, that uses maximum parsimony
and ML approaches to partition a very large gene family into smaller subfamilies.
PhyloGenClust can be viewed as a middle tier clustering method between a raw
clustering method, such as sequence similarity methods, and a more sophisticated
Bayesian phylogeny inference method.
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Recently, a significant number of studies have been attributed to a biological phe-
nomena, known as lateral gene transfer (LGT) or horizontal gene transfer (HGT),
that is responsible for transferring genetic material from parents to offsprings in a
way that is different from the traditional vertical decent fashion. Today, LGTs are
considered to be an important mode of evolution not only among prokaryotes but
also in eukaryotes [92, 78, 29]. In LGT, genes are transferred horizontally between
closely or distantly related species that do not share an ancestor-descendant rela-
tionship. It shifted the traditional tree-based view of the evolution of life to a ‘net-
work of life’ [30]. There are number of methods proposed to model LGTs, mostly
rely on parsimony approaches. Despite of the computational efficiency, parsimony
approches, however, lack explicit model of sequence evolution and thus, consid-
ered as less biologically realistic. Probabilistic models are also proposed to model
LGTs, giving detailed models of gene and sequence evolution [147, 155, 156]. The
models presented in [147, 155, 156], however, do not provide relative positions of
LGT events which are crucial to many evolutionary studies, involving the iden-
tification of LGT highways. In Paper IV of this thesis, we present a probabilistic
method, based on the DLTRS model [147], to sample reconciliations of the gene
tree inside a species tree that gives temporal information of LGT events over the
lineages of a species tree. The method is applied to some of the genome-wide gene
families for mollicutes and cyanobacteria that give an interesting insight into the
potential LGTs highways.

The rest of the thesis is organized as follows. Chapter 2 provides biological back-
ground on evolution and discusses different evolutionary concepts that are fre-
quently used in this thesis. Chapter 3 introduces some of the basic phylogenetic
terminologies and discusses the major computational techniques that our meth-
ods are based on. Chapter 4 gives a brief summary of the papers included in the
thesis.





Chapter 2

Evolution: a Biological Perspective

In this chapter, we will provide a brief overview to few of the biological phenom-
ena that are central to the evolutionary problems that we will discuss in the thesis.
Section 2.1 discusses some of the basic biological concepts; Section 2.2 explains the
different modes of mutation and selection processes. In Section 2.3 and Section
2.4, we give a brief biological introduction to homology and gene family concepts,
respectively.

2.1 Basic Biological Background

This section provides basic background to some of the biological concepts that are
fundamental to the evolutionary problems that we will discuss later in this thesis.
For more in-depth knowledge about molecular biology, the reader is referred to
the famous book by Alberts and colleagues: Essential cell biology [3].

The cell is the basic structural and functional unit of all kinds of living organisms.
It is the smallest unit of life, often referred as the building blocks of life that can
replicate independently. An organism can either be classified as unicellular or
multi-cellular organism, based on their cellular composition. Unicellular organ-
ism, also known as prokaryotes, consists of single cell (bacteria and virus), while
multicellular organisms (eukaryotes) comprised of many cells, such as plants, an-
imals, and fungi. Along with the cell-composition differences, eukaryotes carry
their genetic material inside an enclosed compartment called nucleus, while in
prokaryotes, there is no such nucleus instead the genetic material is contained in
the cytosol. The genetic material comprises of long sequence of molecules called
Deoxyribonucleic acid (DNA).

DNA carries the genetic instructions to develop and maintain an organism. It has a
double helix structure and consists of four bases: Adenine (A), Guanine (G), Cyto-
sine (C), and Thymine (T). These four bases combined with a sugar and phosphate
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12 CHAPTER 2. EVOLUTION: A BIOLOGICAL PERSPECTIVE

group forms a nucleotide. A sequence of nucleotides, known as gene, encodes a
functional RNA or protein products. The gene is the basic unit of heredity. It is
transcribed into mRNA and mRNA is translated into a protein product but the
reverse is not possible. This phenomenon is known as the central dogma of molec-
ular biology. Genes are located in chromosomes, a chromosome consists of many
genes, and many chromosomes constitutes a genome of an organism. Among dif-
ferent organisms, the size of a genome can vary from few hundred nucleotides
to billions of nucleotides. For instance, the smallest genome size known today
is about 112 kbp, belonging to Nasuia deltocephalinicola, while other organisms,
such as conifers, have genome size ranging from 20 to 30 Gbp [16, 119]. The hu-
man genome is 3 billion nucleotides. Although, human genome is pretty long,
only less then 2% of it is actually protein coding, while the rest constitutes of junk
DNA whose function is not known [44] or non-coding RNA genes.

In the following sections, we will discuss some of the evolutionary phenomena
that influence the genome of an organism.

2.2 Mutations and Natural Selection

Mutations refer to random changes in a DNA sequence of an organism. These
changes may happen due to copying errors during the cell’s replication process or
due to DNA’s exposure to radiation, chemical or viral attacks. Mutation usually
represents an advantageous change that may help the cell to survive but it may
also, sometimes, harm the cell and ultimately, results in a cell death. These phe-
nomena are congruent with the Darwinian law of natural selection, which argues
that mutations may occur randomly and survival of individual depends upon its
ability to adopt to the environment.

Mutations and selection go hand in hand. The genome of an organism continuously
experience changes that helps the species to survive and adopt to its environment,
through advantageous mutations, but it may also cause an individual less fit and
more susceptible to environmental changes via deleterious mutations; thus causing
the specie to go extinct. Mutations occur randomly at equal rate all over genome.
Some mutations are local to an individual, such as somatic mutations, while other
mutations that occur in the germ cells are passed on to the offspring.

Mutations can be broadly categorized into two groups: local point mutations and
global mutations, explained in the next subsections.

Local Point Mutations

Local point mutation is type of mutation that occurs due to a nucleotide change
at a single point in DNA. Typically, these changes occur due to DNA’s exposure
to radiation or mistakes in DNA replication process. It may result in replacing
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one nucleotide with another via substitution, or may insert or delete nucleotides by
introducing indels in a DNA sequence.

Point mutations can be functionally categorized into three major groups: synony-
mous mutations, non-synonymous mutations, and nonsense mutations. Synonymous
mutations are those point mutations that occur in a codon (triplet of nucleotides)
and do not effect the translation of codon to a specific amino acid. Non-synonymous
mutations, on other hand, changes the translation of codon to a different amino
acid; thus resulting in a completely different protein product. These types of mu-
tations are harmful and sometimes cause diseases. Nonsense mutations convert an
amino acid to a stop codon which results in a truncated protein. The resulting
protein may malfunction or lose function completely.

Other categorizations of point mutations are transitions and transversions. Transi-
tions involve nucleotide change from purine to purine (adenine ↔ guanine), or
pyrimidine to pyrimidine (cytosine ↔ thymine). Transversions accounts for re-
placement of a pyrimidine base with a purine base or vice versa.

Ideally, mutations should occur randomly at any region in a genome with equal
probability but in practice, we don’t observe such evidence. There are regions
in a genome that are highly susceptible to changes due to low selective pressure,
while others remain highly conserved because of the high selective pressure. For
instance, genes responsible for encoding the regulatory machinery of the cell, such
as promoters and enhancers etc., remain highly conserved throughout the evolu-
tionary history of an organism.

Selective pressure, acting on a protein-coding region of a genome, can be measured
through the ratio ω = dN/dS, where dN represents the number of nonsynonymous
substitutions per site while, dS indicates the number of synonymous substitutions
per site. If ω > 1, then the sequence is believed to have experienced positive or
diversifying selection. Similarly, ω < 1 implies negative or purifying selection, while
ω ≈ 1 suggests that the sequence has evolved neutrally over the evolutionary time
[174].

Global mutations

In contrary to the local point mutations, global mutations, also known as macro-
molecular mutations, are those mutations that occurs at large scale on a genome.
These mutations mainly include genome rearrangement, chromosomal transloca-
tion, gene duplication (tandem, segmental, and whole genome duplications), and
lateral gene transfer.

Genome rearrangement is one of the major global mutations; usually occur due to
errors in the cell division process. It was first discovered, in 1930s, by Dobzhansky



14 CHAPTER 2. EVOLUTION: A BIOLOGICAL PERSPECTIVE

and Sturtevant [36], during their study of the gene rearrangement of Drosophila
pseudoobscura. Later in 1980s, many scientists confirmed such phenomena in other
species [81, 129, 128]. Genome rearrangement has played a vital role in the genome
evolution of fruit fly and Drosophila. It is typical driven by three types of events:
transpositions, reversals (also know as inversion), and trans-reversals [45].

• Transposition event causes a segment of genome to displace from its position
to a random position in a genome. The segment is transposed linearly, for-
instance:

(1 2 3 4 5 6 7)
transposition−−−−−−−→ (1 4 5 2 3 6 7)

where, the number represents different genes and underlined numbers rep-
resents genes that are displaced to different position through transposition
event.

• In Reversal, a segment is reversed:

(1 2 3 4 5 6 7) reversal−−−−→ (1 5 4 3 2 6 7)

• Trans-reversal, a segment is cut-out in a reverse order and inserted into a dif-
ferent region in genome:

(1 2 3 4 5 6 7) transreversal−−−−−−−→ (1 2 6 7 5 4 3).

The segments of genome that move around in a genome are known as transposons
or mobile genetic elements. Barbara McClintock first discovered it in 1940s while
studying color patterns of the corn, Zea mays. Her discovery was awarded with
a Nobel Prize in 1983. She first called transposons jumping genes. These jumping
genes change positions in the genome and replicate themselves; consequently, al-
tering the size of a cell’s genome. Around 60 to 80% of the maize genome [139]
and about 45% of the human genome [100] consists of transposons. Transposons
are classified into two classes based on their mechanism of transposition: Class I
transposons, also known as retrotransposition, (copy and paste) and Class II trans-
posons (cut and paste).

Chromosomal translocation is another type of global mutation where a portion
of chromosome is exchanged with another chromosome. Chromosomal translo-
cation has two main types: reciprocal translocation and robertsonian translocation.
Reciprocal translocation happens due to exchange of segments between nonhomol-
ogous chromosomes, while in robertsonian translocation, a whole chromosome is
transferred and attached to the centromere of two acrocentric chromosomes. Chro-
mosomal translocations are usually harmless but it may sometimes lead to miscar-
riages or children with Down syndrome [99].
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Gene Duplication

Gene duplication is one of the major evolutionary events where a region of DNA,
that contains a gene, gets duplicated and a new copy of a gene is created.

Gene duplication is an important mechanism responsible for genetic novelty. Many
scientists have recognized the role of gene duplication in the early 1930s [22, 21,
116, 141]; however, in 1970s, Susumu Ohno through a series of bold and controver-
sial statements popularized the research on gene and genome duplication. In 1967,
Ohno proposed gene duplication as the single most important factor in evolution
[120]. Few years later, he reiterated this point in the book Evolution by Gene Du-
plication [121], postulating gene duplication as the only precursor that lead to the
creation of metazoans, animals and mammals from unicellular organisms; without
duplicated genes, multicellular life would have been impossible. He further hy-
pothesized that at least one whole genome duplication event caused the evolution
of vertebrates.

According to Ohno, a gene after duplication may gets one of the two possible fates.
One of the two copies of genes may carry ancestral function, while the other copy
is free to evolve, acquiring a new function. The process of acquiring new function-
ality in a fresh gene copy is called neo-functionalization. The ancestral copy of a gene
is more likely to retain its original function due of high seletive pressure, while the
duplicate gene experience less selective pressure and consequently, develop new
function. The second fate of a duplicate gene, in most cases, is to become a pseu-
dogene and ultimately, lost during the evolution.

In contrary to neo-functionalization, the third fate of a duplicated gene, introduced
by Stoltzfus [152] and Force et al [59], is sub-functionalization. In sub-functionalization,
each copy of the gene after duplication specializes in a subset of ancestral function-
ality (see Figure 2.1). It is a neutral mutation process in which no new adaptations
is formed rather the existing ancestral functionality is divided, mutually exclusive,
between the paralogs after divergence.

The main biological mechanisms responsible for a gene to duplicate are unequal
chromosomal cross-overing (chromosomal translocation) and chromosomal rear-
rangement (discussed above). Gene duplication can be further categorized into
three kinds, based on the scale of duplication: tandem duplication, segmental du-
plication, and whole genome duplication.

Tandem duplication refers to the duplication of a small portion of a chromosome
such that the duplicate copies remain adjacent to each other. Due to proximity, the
resultant paralogs share the same regulatory elements and most likely perform
similar functions [51]. Tandem duplication is believed to be responsible for the
evolution of clustered gene families [122]; for-instance: CG32708, CG32706, and
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Figure 2.1: Three possible functional fates of duplicated genes after a duplication event:
a) neofunctionalization, b) subfunctionalization and (c) deletion. Blue and red represent
different functions, white represents no function [162].

CG6999 are three genes in a cluster residing in the X chromosome of Drosophila
melanogaster that resulted from two rounds of tandem gene duplication in the last
5 Myr [51].

Segmental duplications (SDs), also know as low copy repeats (LCRs), involves
duplication of large segments of DNA, with typical size ranges from 1 to 400 kbp
in length and share high level of sequence identify (>90%) [142]. SDs can either be
tandem or interspersed, and can be interchromosomal or intrachromosomal. It is
usually caused by errors in chromosomal splicing during genetic recombination.
SDs played an important role in the evolution of primates and often linked to
cause genomic instability and diseases [12]. In humans, around 5% of the genome
consists of segmental duplications [12, 13].

In whole genome duplication, also known as polyploidization, the whole genome
gets duplicated such that the cell of an organism acquires one or more additional
sets of chromosomes. It usually occurs due to abnormalities in the cell division
process. WGD played an important role in the evolution of animal, fungi, and
other organisms [106, 121, 42], especially plants [88]. Ohno suggested that the
early vertebrate lineage underwent two rounds of whole genome duplication [121].
It is also believed that the ray-finned fish underwent three round of WGDs [110].

Lateral Gene Transfer

In contrary to gene duplication, Lateral Gene Transfer (LGT), also known as Hor-
izontal Gene Transfer, is an evolutionary process responsible for transferring ge-
netic material from parents to offspring in a way that is different from the tradi-
tional vertical decent fashion. In LGT, genes are transferred horizontally between
closely or distantly related species that do not share an ancestor-descendant re-
lationship. It shifted the traditional tree-based view of the evolution of life to a
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‘network of life’ [30]. LGT is commonly mediated by viruses, plasmids and trans-
posons and is common among prokaryotes [29, 98]. It can occur between eukary-
otes [92] and from prokaryotes to eukaryotes [78, 29], but less frequently as in the
prokaryotic domain.

LGT has played a crucial role in the evolution of prokaryotes. Around 0.05–80% of
genes in bacterial and archaeal genomes have been subjected to LGT [101]. LGTs
are reasoned to be one of the primary sources for the expansion of gene fami-
lies in prokaryotes [163, 149] and the evolution of antibiotic resistance genes in
pathogenic bacteria [104]. Due lack of sexual recombination in bacteria, LGTs
are sometime referred as “Bacterial sex” [118]. There is three main well studied
mechanisms for LGTs in prokaryotes: transformation, transduction, and conjuga-
tion. Transformation was first discovered in 1928 by Griffith [68] as gene exchange
method where a short fragments of naked DNA is taken up directly from the envi-
ronment by naturally transformable bacteria and incorporates into their genomes.
Transduction involves exchange of foreign DNA from one bacterium to another
via bacteriophage [179]. In conjugation, genetic materials between bacteria are
exchanged via sexual pilus that requires direct cell-to-cell contact [158].

In contrast to prokaryotes, LGTs seems to have occurred less frequently in eukary-
otes. However, this notion is gradually changing with the availability of whole
genome data of diverse eukaryotes. It is now evident that LGTs have occurred in
all major eukaryotic lineages [84]. Many studies have revealed that LGTs are not
only frequent in unicellular eukaryotes [7, 92, 8] but also occur in several multicel-
lular eukaryotes [34, 26, 67, 82, 114, 66, 177]. In eukaryotes, there are two modes of
gene transfer suggested [160, 7]: a gene may transfer from the endosymbionts (mi-
tochondria or chloroplasts-the photosynthetic plastid) to the nucleus of eukaryotic
cell; such a gene transfer is also known as endosymbiontic gene transfer [160]. Sec-
ondly, it may transfer between unrelated species [7].

2.3 Homology

Homology comes from a Greek word homologos, where homo means “same” and
logos means “relation”. Thus, in the context of molecular evolution, homology
is referred as the relatedness between two or a set of genes that shares a com-
mon ancestry. The concept of homology is considered as pre-evolutionary and
was first introduced by Richard Owen in 1843 [75]. Owen defined a homologue as
“The same organ in different animals under every variety of form and function”
[125]. His definition was considered as non-transformative that did not accom-
modate Darwin’s transformative theory of evolution by natural selection and was
restricted only to animals [75]. Later in 1870, Ray Lankester, an English anatomist
and embryologist, redefined homology by considering the shared evolutionary
ancestry into account: “Structures which are genetically related, in so far as they
have a single representative in a common ancestor, may be called homogeneous”
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[102]. Over the past few decades, homology has emerged as a hierarchical con-
cept that has been studied at different levels in the evolutionary process [153, 73];
for-instance, Structure homology (reflects the final patterns of evolution) and Devel-
opmental homology (deals with the processes of evolution) are important concerns
in comparative evolutionary biology today [75, 166, 74]. Here in this thesis, we
will mainly discuss Genetic homology, a major class of developmental biology that
concerns relatedness of genes based on shared ancestry.

In the absence of fossil records for extinct species, it is, however, not possible to
determine exactly the common ancestor and all the intermediate forms for a given
set of genes. Consequently, detecting homology becomes an inference problem
[97], where sequence similarity can be treated as an observable variable expressed
in numeric with certain probability assigned to it. A somewhat related concept to
homology is synteny that refers to the co-localization of two or a set of genes on a
genomic landscape. The evidence that most of the gene families comes from tan-
dem duplications [122, 51], rather convinced scientists to use syntenic information
as one of the parameters for inferring homology [168, 4].

Homology between two or a set of genes can be classified into different kinds,
based on the type of evolutionary events at the last common ancestor (LCA): par-
alogy, orthology, or xenology. Paralogy refers to the homologous relationship be-
tween two or a set of genes such that their last common ancestor stems from a
speciation event; the set of genes are referred as paralogous genes. Similarly, or-
thology and xenolgy relationships are defined by duplication and LGT events, re-
spectively. Paralogous genes are further classified into two groups, based on tem-
poral difference of duplication events: In-paralogs and out-paralogs. In-paralogs,
also known as super-paralogs or co-orthologs, are homologues that derived from
a LCA by duplication postdating the speciation in question; while in the out-
paralogs, duplication predates the speciation.

2.4 Gene family

A gene family is a group of homologous genes that tends to perform similar func-
tion; although it may not always true, such as the case with neo-functionalization.
Like homology, determining a gene family is an inference problem since we don’t
know how evolution has happened over the tree of life? And also, as mentioned
before, many considers evolution as a network or web of life [30, 71]. There has
been a continuous debate on tree-based vs network based homology; readers are
encouraged to read a review paper on such topic [71]. Consequently, it is rather
difficult to have a concrete definition of a gene family. However, there is a mutual
consensus among the biologists that orthologous genes tend to perform similar
function then paralogous gene, also known as orthology conjecture. Thus, many try
to infer groups of orthologous genes and call them gene families. In literature, one
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may find several definitions of a gene family, based on either sequence or struc-
ture similarities or sometimes sharing similar domains. The term gene family is
often interchangeable with the protein family, where a family is defined as a group
of protein sequences having similar structure [28]. Similarly, other aliases of gene
family are domain family (group of protein sequences sharing one or more common
domains) [24] and super family [130] etc.

Sailing along the tree based thinking, the most plausible and Fitch-inspired [57]
definition of gene family was given by Wapinski, et al [168], where they suggest
that a set of genes that descended from a single common ancestral gene constitutes
a gene family and termed it as Orthogroup [168]. In order to avoid confusion, from
now onward, we will use the term gene family that corresponds to genes evolved
through vertical decent from a common ancestor. In paper-III of this thesis, we
discuss the problem of defining gene families in detail, formalizing the definition
of gene family and provide a novel algorithm to infer gene families.





Chapter 3

Introduction to Computational
Methods in Evolution

“A model is not the ultimate truth; it’s rather a representation how we
see the world behaves.”

—Anonymous

In this chapter, we will discuss some of the state-of-art phylogeny reconstruction
methods. Section 3.1 introduces few basic phylogenetic terminology used in the
rest of the chapter. Section 3.2 discusses distance-based and character-based ap-
proaches for phylogeny reconstruction. Section 3.3 covers reconciliation-based
phylogeny reconstruction methods. Finally, Section 3.4 describes computational
methods and tools for inferring gene families.

3.1 Basic phylogenetic concepts

In this section, we will briefly discuss basic phylogenetic terminology that will be
used later in this chapter.

Multiple sequence alignment, gene tree, and species tree

One of the crucial steps in comparative genomics and evolutionary studies is the
multiple sequence alignment (MSA). Multiple sequence alignment involves com-
paring more than two sequences to identify regions of similarity. These regions
of similarity, also referred to as conserved regions, are important indicators in ex-
ploring the structural, functional and evolutionary relationship between a given
set of sequences. Almost all phylogeny reconstruction programs take an MSA as
input. It is commonly represented by a matrix with one sequence in each row.
Each column of an MSA represents homologous sites, with gaps representing in-
sertions or deletions. Constructing a biologically plausible MSA for a given set of
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sequences is a computationally difficult task and most formulations of the prob-
lem are shown to be NP-complete [167, 46]. However, there exists several heuristic
methods, including iterative refinement methods [115], progressive methods [79],
and progressive-iterative hybrid methods [41, 91], that work well in practice. Er-
rors in a MSA propagates to the downstream analysis, therefore it is important to
choose best method for a given set of sequences. It is often recommended to use
visualization tools, such as Jalview [170], to check the quality of an MSA before
conducting a downstream analysis.

A gene tree in a phylogenetic jargon refers to a bifurcating tree that represents a
homologous relationship between a set of genes sharing common ancestry. A gene
tree is usually represented by a rooted tree, with leaves representing extant genes
and a root vertex represents the ancestral gene from which all the extant genes
originated. Each internal vertex represents an intermediate ancestral gene that has
evolved through one of the evolutionary events, i.e., duplication, speciation, or
LGT events. The branch or edge lengths measures the amount of evolution along
the branches and is typically expressed in units of expected number of nucleotide
substitutions per site.

Figure 3.1: shows Darwin’s first known sketch of an evolutionary tree [31].

Similarly, a species tree is also a bifurcating tree, representing the evolutionary
history of a given set of species. The root vertex represents the ancestral species of
all the given set of species, while leaves represents all the extant species. Internal
vertices represent speciation events. A speciation event is an evolutionary event
that causes parts of a population to evolve independently and eventually become
a distinct species. There are several reasons for a speciation event to occur: a geo-
graphic isolation that may results in different selective pressures, isolation due to
some other reasons, and genetic drifts that may cause the population, even with-
out isolation, to evolve independently. Inferring a correct species tree is a difficult
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task in evolutionary biology; perhaps, it has been studied for long time now. The
first species tree was given by Darwin (see Figure 3.1). It uses the morphological
traits to describe the relationship between organisms. Since the discovery of DNA,
scientists are using molecular data to infer a species tree. There are a number of
methods available to infer a species tree and we will discuss them later in this
chapter.

Trees within trees: Reconciliation vs Realization

In the last few decades, there is an extensive use of trees within trees data structure
in phylogenetic field. Although, the concept is applied earlier to other biologi-
cal disciplines, e.g., biogeography and parasitology, independently [127]. Trees
within trees have been used to model some sort of historical associations between
a host entity and a guest entity. Depending of the field, these historical associations
can be between genes and organisms (phylogenetics), organisms and organisms
(parasitology), and organism and areas (biogeography) [126]. Trees-within-trees
data structure encapsulates the idea that a guest tree evolves inside a host tree us-
ing certain historical events. In phylogenetics, these historical events may be gene
duplication, gene loss, speciation, and lateral gene transfer.

Reconciliation is a trees-within-trees data structure that is used to model the evolu-
tionary history of a gene tree inside a species tree. More formally, a reconciliation
refers to a mapping that associates each gene tree vertex with a species tree vertex,
implying speciation, or a species tree edge, representing either a duplication or
LGT event. Each leaf of a reconciled gene tree is mapped to a leaf of species tree,
representing species to which the gene belongs. Figure 3.2 shows a pictorial rep-
resentation of two reconciliations of the same gene tree with a species tree. Due to
the continuous evolutionary time, there can be numerous reconciliations of a gene
tree G with a species tree S that makes it is difficult to determine the expected time
of evolutionary events over the edges of a species tree. In such scenarios, we work
with a time constraint reconciliation which we will discuss in the next paragraph.
Later in this chapter, we will discuss some of the popular phylogeny reconstruc-
tion methods that uses reconciliation approach to infer the evolutionary history of
a gene tree inside the species tree.

A realization is a type of trees-within-trees data structure that maps each vertex of a
gene tree either to the vertex or to an edge of a discretized species tree. A discretized
species tree refers to a species tree that is discretized in time, either equidistance
or some kind of discretization scheme. Realization is a time constrained recon-
ciliation where the occurrence of each evolutionary event can be specified in an
exact evolutionary time. It is a subset of reconciliation i.e., each reconciliation
contains one or more realizations that are unique to that reconciliation. Both in
reconciliations and realizations, the child-parent relationship of gene tree vertices
are preserved and remain consistent with that of the gene tree, i.e., a gene tree
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Figure 3.2: Two different reconciliations of the same gene tree (thin tree) with the species
tree (fat tree), each of which contains two different realizations. Vertices colored in green
represents duplication events, blue represents LGTs, and black represents speciation events
[147].

vertex is never mapped closer to the root in the species tree than its parent. Along
with this, in a realization, a child and its parents never get mapped to the same
discretization time. Figure 3.2 shows two different realizations for each of the two
reconciliations. In Paper-IV, we introduce a novel method to sample realizations
from the posterior distribution to estimate the time of LGT events over the dis-
cretized species tree.

3.2 Computational methods for phylogeny reconstruction

In this section, we will discuss some of the current state-of-art computational
methods used to reconstruct the evolutionary history of life. Phylogeny recon-
struction methods, in general, can be broadly categorized into two groups: distance-
based methods and character-based methods.

In distance based methods, all the pairwise distances between a given set of se-
quences are calculated and stored in a matrix representation. The resultant dis-
tance matrix is then used to reconstruct a gene or species phylogeny. In contrary
to distance-based methods, character-based methods use the actual genetic infor-
mation instead of pre-computed pairwise distances. It uses genetic information
at single character1 in the sequence alignment to simultaneously compare all the
sequences and compute a tree score for each gene tree. A tree scoring function
uses these tree scores to select the best tree among other competing tees. Exam-
ples of character-based methods are maximum parsimony, maximum-likelihood,
and Bayesian methods which we will discuss in the later sections.

1Character here refers to a site in the sequence alignment
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Distance-based methods

Distance-based methods are one of the major classes of phylogeny reconstruction
methods. It involves two basic steps: first, all the pairwise distances between a
given set of sequences are calculated and stored in a matrix D. These distances
are calculated assuming a Markov model of nucleotide/amino-acids substitution.
A Markov model of nucleotide/amino-acids substitution measures the evolution
of molecular sequences under study. There are number of Markov substitution
models proposed for DNA and protein sequences, for instance, JC69 [90], K80 [96]
, HKY85 [77], GTR [159] etc. These substitution models differ in parameters that
are used to estimate the rate of substitution from one nucleotide to another.

In the second step, a tree inference method is applied to the resultant distance ma-
trix D to reconstruct a phylogenetic tree T with branch lengths. A distance matrix
method tries to minimize the difference between the input distances and the dis-
tances induced by the phylogenetic tree. Distance matrix methods can be catego-
rized into three groups, based on the measure of closeness between the calculated
distances and estimated evolutionary distances: Least square methods, minimum
evolution methods, and neighbour joining methods.

Least square methods [25, 58] try to minimize the difference between the calcu-
lated distance Di,j in the first step and the evolutionary distance DT

i,j induced by a
tree T (i.e., the sum of branch lengths on the tree connecting i and j), where i and j
are two sequences. Least square methods selects the best tree with minimum least
square difference i.e.:

arg min
T

∑
i,j
(Di,j − DT

i,j)
2 (3.1)

In contrary to least square methods, minimum evolution (ME) methods [43, 95,
136, 35] use the tree length2 to select the best tree. However, it uses the least square
criterion for calculating the branch lengths on a tree. ME methods are biased to-
wards trees with shorter tree lengths than the trees with longer tree lengths. Trees
with minimum tree lengths are likely to be selected as the correct trees under the
minimum evolution criterion.

Neighbour joining (NJ)[138] is one of the most popular and widely used distance
matrix methods. It is an agglomerative clustering method used to reconstruct phy-
logenetic trees. It starts with a star tree T

′
, having a root vertex x and iteratively

picks two vertices i and j based on the taxon distances in a matrix Q (3.2) (where Q
is calculated from input distance matrix D) and join them together. The two ver-
tices i and j are replaced by a new ancestor vertex y, thus reducing the number of
vertices at the root vertex x by one (see Figure 3.3). New distances between y and

2Tree length is the sum of branch lengths on a tree.
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Figure 3.3: shows one iteration of the neighbour joining algorithm. Two vertices (in this
case, 1 and 2) are collapsed into a new vertex y, thus reducing the number of nodes at the
root (vertex x) by one [175].

the rest of vertices are calculated and updated accordingly in the distance matrix.
This process continues until a fully resolved tree is obtained.

Q(i, j) = (n− 2)D(i, j)−
n

∑
k=1

D(i, k)−
n

∑
k=1

D(j, k) (3.2)

where D (i, j) is the distance between taxa i and j.

NJ has an interesting property that it most often reconstruct the correct tree if the
input distance matrix D is nearly additive [11]. A distance matrix D is said to be
nearly additive if there is a distance DT induced by a phylogenetic tree T such that:

| D− DT |∞<
µ(T)

2
(3.3)

where µ(T) is the minimum branch length in T. There are a number of NJ based
methods [83, 171, 60, 55, 108] that uses this property; however, due to the compu-
tational cost associated with each of these methods, it is sometime not feasible to
use such methods on very large datasets. However, there are other NJ methods
with fast implementation, such as [94, 143], that can handle hundred of thousands
of taxa to compute phylogentic trees.

Despite the algorithmic simplicity and speed of NJ, it is, however, sensitive to
alignment errors and sequences that are evolutionary more diverge. In the next
section, we will study more realistic evolutionary models, such as Bayesian and
likelihood methods, that are less prone to these problems and incorporate detail
models of sequence evolution, gene tree evolution, and species evolution.
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Character-based methods

Parsimony

In evolutionary studies, maximum parsimony is one of the most widely used phy-
logeny reconstruction method. Parsimony, in general, refers to the simplest scien-
tific explanation that fits the observed data. It relies on the principle of Occam’s
razor that prefers a hypothesis with fewest assumptions over the other compet-
ing hypotheses. In phylogenetics, the same principle is applied to select a gene
tree topology that requires minimum number of evolutionary events to explain
the evolutionary relationship among the given taxa. Edwards and Cavalli-Sforza
were among the firsts who advocated the use of parsimony for phylogenetic tree
reconstruction [43]. Parsimony methods are most often used due to its simplic-
ity and computational efficiency over the more sophisticated and computation-
ally demanding probabilistic methods for phylogeny reconstruction. Despite of
the popularity, parsimony-based methods suffers from the long-branch attraction3

problem that restricts its usage in scenarios where there is more among-site rate
variation in the alignment. There are number of tools avaiable that provide the
implementations of pasimony-based phylogeny reconstruction methods but the
most commonly used are PHYLIP [55], MEGA6 [157], NONA [63], and PAUP*
[154].

Maximum-likelihood methods

Maximum likelihood is one of the most widely used methods to estimate the pa-
rameters of a statistical model given the observed data. It was first introduced
by the famous English statistician, R. A. Fisher, around 1920. However, it was
first incorporated into the phylogenetic studies by Edwards and Cavalli-Sforza
[43] and later, popularized by Joseph Felsenstein [52, 53]. Felsenstein introduced
an algorithm, commonly known as Felsenstein’s pruning algorithm [52, 53], for
computing the likelihood of an evolutionary tree with branch lengths given the
sequence data.

In general, the likelihood function is defined as the probability of the observed
data D given the parameters Θ. Mathematically, it can be expressed as:

L(Θ | D) = p(D | Θ) (3.4)

where L(.) denotes the likelihood. It is important to note that the L(.) is not a
probability distribution, i.e.

∫
Θ L (Θ | D) 6= 1, rather it is the function of Θ only

since D is treated as fixed.

3Long-branch attraction involves the problem of inferring an incorrect tree with long branches
grouped together by character-based methods under simplistic models [175].
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The maximum likelihood estimate (MLE) of Θ is defined as the Θ∗ that maximizes
the likelihood function L(.):

Θ∗ = arg max
Θ

L(Θ | D) (3.5)

For some models, it is possible to determine the ML estimate as an explicit func-
tion of the observed data D. As an example, let the data D be generated from a
Gaussian distribution with mean µ and standard deviation σ, and θ =

(
µ, σ2).

We can estimate the parameters θ by solving Eq. 3.5 analytically for µ and σ, i.e.,
set the Eq.3.5 to zero, take its derivative with respect to µ and σ and ultimately,
solve the resulting equations. However, there are many other models for which
there are no closed form solutions available. In such cases, MLEs are computed
numerically using optimization methods, such as Expectation Maximization (EM)
method [33].

MLEs, however, have some interesting asymptotic properties that convinced the
evolutionary biologists to use ML methods as a tool of choice, i.e, under the suffi-
ciently large data size, MLEs are consistent (approach the true values), unbiased,
and statistically efficient (having the smallest variance among unbiased estimates)
[175]. ML based methods have greater advantage over the parsimony and dis-
tance based methods in predicting the correct evolutionary tree; however, it is
more computationally demanding [56]. There are a number of software packages
available that implement ML-based methods, with the most popular are: PHYLIP
[55], PAUP* [154], RAxML [151], PhyML [70], PAML [173], and GARLI [180].

Bayesian methods

In recent years, Bayesian inference has been introduced as a powerful tool to re-
construct phylogenetic trees. It is based on Bayes’ theorem (3.6) developed by
Thomas Bayes. Bayesian inference is related to maximum likelihood but answers
totally different question. In ML methods, the basic question asked is what is the
probability of data D given that a certain hypothesis H is true? While, Bayesian meth-
ods answer question such as what is the probability of a hypothesis H being true given
that we observe the data D? i.e.,

P(H | D) =
P(D | H)P(H)

P(D)
(3.6)

where

• P(H) is the prior probability of H being true before observing the data D.

• P(D | H) is the likelihood of the data D given the hypothesis H.

• P(D) represents the probability of data D ignoring which H is true.
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• P(H | D) denotes the posterior and represents our updated belief that H is
true after observing the data D.

In the above equation, P(D) is often intractable, involving high dimensional inte-
grals over all the possible H. Bayesian methods, in such cases, relies on sampling
methods such as MCMC ( see MCMC-based methods section for more details) that
allows P(X) to factor out as a normalizing constant, yielding Eq. 3.6 as:

P(H | D) ∝ P(D | H)P(H) (3.7)

Unlike the ML methods, the parameters of the prior distribution may not be fixed
i.e., the parameters may come from a distribution with its own set of parameters,
known as hyperparameters. The use of a prior, however, is a debatable topic [17] but
it is one of the strengths of Bayesian methods that allows the researchers to incor-
porate prior belief about the parameters of a model. In the absence of prior knowl-
edge about the parameters, it is often recommended [87] to use non-informative
(flat) priors and let the data governs the posterior but in such cases, the resulting
posterior becomes proportional to the likelihood. However, it has been shown that
with the increasing amount of data, informed priors often have less influence on
the results i.e., yielding similar posterior distributions [18].

MCMC-based methods

As mentioned in the previous subsection, Bayesian inference often involves var-
ious integration and optimization problems, especially when dealing with high
dimensional parametric space. Computing the full joint density in such scenarios
become intractable and the only way is to find an approximate solution. MCMC
provides such solution by sampling from a probability distribution based on con-
structing a Markov chain that has the target distribution ρ as its stationary distri-
bution µ.

A Markov chain is a sequence of random variables X1, X2, ... on some finite state
space S = {s1, ..., sn} such that the conditional distribution of Xn+1 given X1, X2, ...,
Xn depends on Xn only i.e.,

P(Xn+1 | Xn, ..., X1) = P(Xn+1 | Xn) (3.8)

Eq. 3.8 is also known as the Markov property or sometimes referred to as memory-
less property since the distribution over the states for the next step is only depen-
dent on the current state, instead on the states preceding it. A Markov chain has a
transition matrix T that describes the probability of changes of state. For instance,
the probability Tij of transitioning from state i to state j is given in the ijth position
in the matrix T, where Tij = P

(
Xn = sj | Xn−1 = si

)
and ∑j Tij = 1 (in discrete

case).
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Now, suppose that the system is at an initial state si taken randomly from an ar-
bitrary initial distribution π = 〈P (s1) , ..., P (sn)〉, where π corresponds to a row
vector. The probability distribution over the states after one step can be computed
by multiplying row vector π with the transition matrix T, i.e., πT. Similarly, we
can compute the probability of the system at any state sj after j steps by multi-
plying the jth order transition matrix Ti with the initial row vector π, i.e., πTi.

One of the desirable properties of Markov chain is that the distribution on the
states converges to a unique invariant distribution µ, πTn → µ as n → ∞, pro-
vided that it is irreducible and aperiodic. A Markov chain is said to be irreducible,
if any state si is reachable from any other state sj in a finite number of steps. To
define aperiodicity, we need to define periodicity first. A state si has a period k, if the
same state si is always reachable in a multiple of k time steps.

d(i) = gcd {n > 0 : P(Xn = i | X0 = i) > 0} (3.9)

where “gcd” is the greatest common divisor. As an example, the periodicity of
a complete bipartite graph is k = 2 since it is possible to reach the same sate in
{2, 4, 6, 8, 10, ...} time steps. Any state si with d(i) = 1 is said to be aperiodic and a
Markov chain is aperiodic if all its states are aperiodic.

A sufficient condition of a Markov chain that ensures µ as the target distribution ρ
from which we can sample is known as the detailed balance equation:

µiTij = µjTji (3.10)

When dealing with high dimensional problems that involves infinite state space
and where direct sampling from a probability distribution is difficult to achieve,
it is often recommended to use a Metropolis-Hastings algorithm. Metropolis-
Hastings is an MCMC-based algorithm that constructs a random walk on a graph
representing the search space. Instead of using the transition matrix, it uses a set of
proposal distributions Qk(X

′
k | X) to construct a Markov chain, where 1 < k ≤ n

and X denotes n-dimensional state space, i.e., X = {X1, ..., Xn}. The components
of X can either be discrete or continuous variables; each component in itself can
also be a multi-dimensional random variable, Xk = {x1, ..., xn}. Given that we
are in the current state X, the new state X

′
is proposed according to some pro-

posal distribution Qk(X
′
k | X), where the proposed state X

′
differs only in the

kth component from the current state X. In each iteration of a Markov chain, the
perturbation of a component is taken randomly. The proposed state is accepted
according to the acceptance probability,

A(X, X
′
) = min

(
1,

P(X
′
)Qk(Xk | X

′
)

P(X)Qk(X′k | X)

)
(3.11)
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It takes some time for a Markov chain to eventually converge to the desired dis-
tribution. This initial time period is called as the burn-in period of a Markov chain
and is mainly attributed to a lousy starting point of a random walk. The argument
is that a ‘bad’ starting point may result in over-sampling of the regions with low
probabilities under the stationary distribution before it converges to the desired
distribution. It is, thus, recommended to throw away the initial k samples before
start collecting the points. Subsequently, the size of k becomes the next decision
problem. There are number of diagnostic tests proposed to decide upon the burn-
in value, with the most commonly used are Geweke [62], Gelman-Rubin [61], and
Sahlin-Höhna’s Max-ESS method [137].

Although, MCMC based methods provide nice theoretical guaranties to converge
to the desired distribution, however, it comes at the cost of a high computation
burden. However, with the availability of computational resources and code par-
allelization techniques, it is now feasible to apply the MCMC framework to real
world problems. For instance, in phylogenetics, the MCMC framework has been
extensively used in the Bayesian inference of phylogenetic trees. Some of the most
popular and commonly used tools that use MCMC to reconstruct the evolutionary
history are MrBayes [134], BEAST [39], PhyloBayes [103], PrIME [2] and JPrIME
[146]. In Paper IV of this thesis, we introduce a novel method that employ the
MCMC framework to reconstruct gene trees and infer the time estimates of evolu-
tionary events (gene duplications, speciations and lateral gene transfers) over the
edges of the species tree.

3.3 Reconciliation-based phylogeny reconstruction methods

In this section, we will discuss some of the state-of-art reconciliation based phy-
logeny reconstruction methods. Reconciliation methods consider an MSA, the
species tree, and the mapping of extant genes to the leaves of the species tree as an
input. It uses a reconciliation approach (discussed in Section 3.1) to map the evo-
lutionary events onto gene trees in such a way that they are concordant with the
species tree. The evolutionary events can either be gene duplications, gene losses,
speciations, or lateral gene transfers.

In phylogenetics, the reconciliation technique is widely used for inferring gene
trees [40, 133], estimating the DLT rates [147], and inferring orthology relation-
ships [169, 164]. Apart from phylogenetics, the concept of reconciliation is widely
used in biogeography and parasitology [127, 23].

In phylogenetics, reconciliation based methods are mainly categorized into two
groups: parsimony-based reconciliation methods and probabilistic reconciliation
methods. We will discuss each of them in the following subsections.
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Parsimony-based methods

A parsimony-based reconciliation method for phylogeny reconstruction relies on
the parsimony principle (discussed in Section 3.2) to reconcile a gene tree with
the species tree. The gene tree that allows the evolution of sequences with fewest
changes is seleted. These changes may be gene duplications, gene losses, or lat-
eral gene transfer events. The concept of gene-species tree reconciliation was first
introduced by Goodman et al in [64] and provided an algorithm that uses parsi-
mony approach to compute the most parsimonious reconciliation (MPR) of a gene
tree with the species tree. Most parsimonious reconciliation is a reconciliation,
with a minimum reconciliation cost, that uniquely maps the vertices of a gene tree
to the vertices or edges of a species tree. Figure 3.4 shows two reconciliations, i.e.,
an MPR and a non-MPR scenarios, of the same gene tree.

39 
 

last decade (see, for instance, [138–142]). In parsimony, LGT adds a level of 
complexity compared to gene duplication and loss, partly because multiple MPR 
optimas often coexist. Initially having limitations such as being applicable only on 
monocopy families or allowing LGT backwards in time, there are today efficient 
methods that model duplication, loss and temporally sound LGT events, for in-
stance the work by Tofigh and Lagergren [143], David and Alm [144], Bansal et 
al. [145,146], Daubin et al. [28,147], and Doyon et al. [148,149]. A major short-
coming of many combinatorial frameworks is that sequence evolution and recon-
ciliation constraints are not taken into account simultaneously. Also, LGT from 
species not included in the analysis can complicate gene family analysis, either by 
introducing homologs alongside those stemming from the most recent common 
ancestor of the studied species, or by giving rise to the entire family. 
 
 

 
 
Figure  10.  Shows two ways to reconcile the same gene tree topology. The non-MPR 
solution induces two implicit losses (note that most methods work with the pruned 
topology only). 
 
 
Not surprisingly, there is a twilight zone between purely combinatorial and prob-
abilistic approaches. For example, sampling among equally optimal solutions in 
LGT-enabled parsimony to achieve better estimates was suggested recently [146]. 
Another approach is to let duplication-loss reconciliations guide improvements of 
an a priori estimated tree inferred using sequence data [150–152]. 

Probabil i st ic  efforts  
More orthodox probabilistic gene-species tree reconciliation methods have mostly 
relied on natural extensions of a birth-death process [153] to model the propensi-
ty for duplication, loss [154–157] and – in some cases – LGT events [48]. Such 
models are employed in the papers of this thesis. A common way to escape the 
computational burden that all possible reconciliations may pose under duplica-
tion-loss models is to confine the reconciliation space to MPR or near-MPR solu-
tions, see, e.g., the work by Rasmussen and Kellis [123,158], and Boussau et al. 

Figure 3.4: shows two reconciliations, an MPR and a non-MPR scenarios, of the same gene
tree [144].

In maximum parsimony reconciliation methods, each event is associated a cost,
speciation events are usually considered as null events and are therefore assigned
a zero cost while duplication, loss, and transfer events are assigned non-zero costs.
A reconciliation cost may be defined as a simple duplication cost, involving the
number of inferred duplication events on a reconciled gene tree; a duplication-loss
(DL) cost, i.e., the sum of inferred duplication and loss events; a transfer-loss (TL)
cost involving the sum of transfer and loss events, or a duplication-loss-transfer
(DLT) cost that accounts for the number of inferred duplication, loss, and transfer
events [105].

Over the last few decades, there has been a plethora of reconciliation-based method
proposed. Each of them comes with different algorithmic flavours and trying to
minimize one of the aforementioned reconciliation costs. Page et al. [126] introduced
an algorithm that reconciles gene trees with a species tree using DL cost. Guigo et
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al. [69] used Goodman et al. [64] framework to find the species tree, with minimum
number of duplication events, from a given set of gene trees. Under the model
of duplication-loss parsimonious reconciliation, polynomial time algorithms are
provided in [178, 15]. Górecki et al. [65] proposed an architecture that allows the
whole set of reconciliations between a gene tree G and a species tree S and gave
a polynomial time algorithm to find one of the MPRs. Wapinski et al. [168] intro-
duced a parsimony based method that uses synteny information along with the
sequence similarity to reconstruct gene tree with minimum DL reconciliation cost.
Analogous to the case of DL models, there are a number of gene-species tree recon-
ciliation methods proposed that focuses on transfer-loss events [76, 19, 80, 89, 117].
Similarly, several algorithms have been introduced to compute parsimonious rec-
onciliations under the DLT model, accounting for gene duplications, gene losses,
and lateral gene transfer events [27, 38, 124, 161, 14, 38].

Hahn showed in his research [72] that reconciliation based methods are biased
when the inferred gene tree is not correct. He conducted analysis on multiple
mammal and Drosophila genomes and demonstrated that reconciliation bias places
the duplication events near the root of the tree and losses towards the tips of the
tree. This bias is more in cases where there is a low bootstrap support for branches
on the gene tree. To address such uncertainty in gene tree, the branches with low
bootstrap support are collapsed, introducing polytomous nodes. Durand et al.
[40] address this problem by introducing an exact algorithm, implemented in a
software called NOTUNG, that uses the DL model to find the most parsimonious
reconciliation when gene tree is polytomous.

Probabilistic methods

Probabilistic methods for phylogeny reconstruction can be grouped into two cate-
gories: Maximum likelihood methods and Bayesian inference methods (discussed
in Section 3.2). In this section, we will focus more on Bayesian methods for phy-
logeny reconstruction that are based on generative models.

In phylogenetic settings, a generative model refers to a model that generates a gene
tree and sequences on a given dated species tree4. There are number of generative
models proposed, describing the evolution of gene tree inside species tree. These
models can be categorized into groups based on the type of evolutionary events
that governs the process of evolution, i.e., duplication-loss model (DL), transfer-
loss model (TL), duplication-loss-transfer model (DLT).

The basic underlying machinery of the aforementioned generative models are
based on a birth-death process that generates gene duplications, gene losses, and/or
lateral gene transfer events over the edges of a species tree, yielding a gene tree at

4Dated species tree is a species tree with times associated with the species tree edges.
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the end of the birth-death process. DL models use a standard birth-death process
[93] to generate duplication and loss events, while DLT models uses an extension
of the birth-death process that incorporates transfer events along with duplica-
tions and losses (in Paper IV, we use such a birth-death process). Once a gene tree
is obtained, gene/protein sequences are generated using any standard substitu-
tion model of choice. In the following subsections, we will discuss some of the
probabilistic DL and DLT models.

Duplication-loss models

Duplication-loss models explain the discordance between the gene tree and the
species tree that arise due to gene duplications and gene losses. The first proba-
bilistic duplication-loss model, also known as the gene evolution model, was given
by Arvestad et al. [9], where they modeled the evolution of a gene tree inside a
species tree, using a linear birth-death process [93]. In [10], the same group further
extended the gene evolution model to the gene sequence evolution model by incor-
porating the sequence evolution model that uses a strict molecular clock. Later,
Åkerborg et al. [2] relaxed the strict molecular clock assumption by using identi-
cal independent gamma distributions to model rate variation and termed the gene
sequence evolution model as GSR model (now known as the DLRS model). DLRS
uses MCMC framework to integrate three probabilistic submodels: a duplication-
loss model that describes gene evolution, a substitution rate model explaining the
rate variation over the gene tree, and a sequence evolution model that describes
substitution events. The software implementation of DLRS model is provided in
PrIME [140] and JPrIME [145].

These probabilistic models are, however, computationally expensive in time to
cover the full posterior probability landscape, but there are other methods that
constrain the gene tree reconciliation space to a near-MPR space [133, 20]; thereby
achieving similar accuracy with a significant computational speedup.

Duplication-loss-transfer models

As the name suggests, duplication-loss-transfer models incorporate gene dupli-
cations, gene losses, and lateral gene transfer events. The first comprehensive
probabilistic DLT model, known as DLTRS5 model, was given by Sjöstrand et al.
[147]. The DLTRS model is an extension of the DLRS model that integrates DLT
events, substitution rate variation over a gene tree, and sequence evolution model.
It uses an extension of a linear birth-death process that consider lateral gene trans-
fer events along with the gene duplication and gene loss events, to generate a gene
tree. DLTRS model allows the lineages of a gene tree to jump from one species lin-
eage to another in a contemporaneous time. Figure 3.5 illustrates the basic compo-

5DLTRS is an acronym of Duplication, Loss, Transfer, substitution Rate variation over gene tree,
and Sequence evolution.
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nents of the model. For a given a multiple sequence alignment D, a dated species

Figure 3.5: An illustration of the DLTRS model (adopted from [107]), where a) shows the
evolution of a gene tree (thin tree) inside the species tree (fat tree) according to the DLT
model, capturing gene duplications (green), speciations (black), gene loss (red), and lateral
gene transfer event (blue), b) Illustrates the molecular clock relaxation using the Rate model,
and c) Shows the sequence evolution model.

tree S, and a gene-species tree mapping σ, where σ : L(G) → L(S), the DLTRS
model computes a posterior distribution over all the gene trees G, branch lengths
l over the gene trees, and other parameters θ = (µ, δ, τ, m, ν) of the model, where
µ corresponds to birth rate, δ refers to loss rate, τ is the transfer rate, m and ν are
the edge rate mean and coefficient of variance, respectively. Mathematically, the
probability density of the DLTRS model can be expressed as:

p(G, l, θ | D, S) =
P(D | G, l)p(G, l | θ, S)p(θ)

P(D | S)
(3.12)

Where the numerator is factorized into the joint likelihood and prior probability
densities. The factor P(D | G, l) of the likelihood can be computed using the
standard DP algorithm introduced by Felsenstein [54], while the second factor
p(G, l | θ, S) can be computed using a dynamic programming algorithm presented
in [147]; p(θ) is the prior probability distribution of parameters θ. The denomina-
tor P(D | S) is intractable and gets cancel out when computing the ratio between
two successive posterior probabilities. In Paper IV of this thesis, we extend the
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DLTRS method and propose a dynamic programming algorithm for sampling rec-
onciliations and computing the MAP reconciliations.

Recently, Szöllősi et al. [155, 156] introduced probabilistic DLT models that re-
constructs the chronological ordered species phylogeny with the assumption that
some of the LGTs may come from the unsampled or extinct species.

3.4 Computational methods for inferring gene families

As discussed in section 2.4, identifying gene families is a central complex task in
evolutionary studies. Over the last two decades, a significant amount of efforts
have been done in this area and many methods have been proposed to infer gene
families. These methods can be broadly categorized into sequence similarity meth-
ods and phylogeny-based methods. In the following subsections, we will discuss
each of them in more details.

Sequence similarity methods

Sequence similarity methods, also known as hit-based methods, uses sequence sim-
ilarity criteria to determine gene families. Hit-based methods usually involve two
steps: first, pairwise comparison of all the given sequences are performed to detect
homology, using a local alignment method such as BLAST [6] or Smith-Waterman
[148]. In the second step, a choice of clustering scheme is applied to group ho-
mologs into families. The type of clustering algorithms vary in the choice of sim-
ilarity measure, i.e., BLAST bitscores, E-values, alignment length, or a combina-
tion of these parameters, or it may differ in the methodological way; for-example,
some sequence similarity methods are based on agglomerative clustering tech-
nique, typically single-linkage clustering, with a simple threshold criteria to clus-
ter genes into families (e.g., BlastClust [37], SiLiX [113], ProtoMap [176], and Gen-
eRage [49] etc), while other utilizes network or graph properties to find strongly
connected components in the graph and delimit them into gene families (e.g., NC
[150], HiFiX [112], TribMCL [50], Inparnoid [123]).

Sequence similarity methods are computationally fast but prone to relatively higher
errors. It may happen that a random gene with high sequence similarity may ends
up in a gene family, with no common ancestor; thus resulting in high false posi-
tives. Similarly, working with a single threshold, may sometimes result in missing
the de fecto homologies because the sequences may no longer agree with the level
of similarity that is greater than expected by random chance. These problems,
however, are to a great extent addressed in phylogeny based gene family methods
that uses explicit models of gene and sequence evolution to detect more reliable
homologs and ultimately, identify evolutionary diverse gene families, more accu-
rately.
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Phylogeny-based methods

In contrary to sequence similarity methods, phylogeny based methods uses se-
quence information and a statistical model that uses phylogenetic information to
infer gene families. It treats each gene member in a family as an evolved copy of
the last common ancestor. Phylogeny based methods incorporates explicit mod-
els of gene, species and sequence evolution to determine homolgous relationships
that are more accurate and reliable. It identifies clades of interest and creates fam-
ilies based on them.

Over the last few decades, there have been a number of phylogeny-based methods
proposed, with the most common methods are BranchClust [132], GreenphylDB
[135], Panther [111], HOGENOM [131], HoverGen [131], Ensembl [165], Phylo-
Facts [1], PhIGs [32], eggNOG [86], OMA [5] and PhylomeDB [85]. The main
methodological differences are found in the different approaches used for initial
clustering of sequences (for example using Blast-hits or hidden Markov models)
and how the actual phylogenetic clustering of genes or proteins into families is
performed.

Although, phylogeny-based methods require more computationally resources but
it gives more accurate results in inferring gene families, as compared to sequence
similarity methods; especially in scenarios where there are high differential gene
losses and varying rates of evolution. In Paper III of this thesis, we introduced a
phylogenetic-based gene family method that takes an MSA and a species tree as
an input and output gene families that results from each internal vertices of the
species tree.





Chapter 4

Overview of the Included Papers

This chapter presents a short summary of the published articles and a manuscript
included in this thesis. On all the papers, I have made contributions at different
stages of the problem solving process, i.e, identifying the problem, devising the
algorithm, implementation, data collection and simulation, analysis, results and
evaluation, and finally, writing a research article. For specifics, readers are referred
to the Authors’ contributions section in each of the included article in this thesis.

Paper I: This is a software article presenting FastPhylo as a software package that
contains the implementations of previously published algorithms in [48] and
[47]. [48] estimates a distance matrix from a given alignment and [47] recon-
structs a phylogeny from the estimated distance matrix. In distance-based
phylogeny reconstruction methods, one of the main computational bottle-
necks comes from computing the pairwise distance matrix for a given set of
sequences. We address this problem by using independent row operations
in a parallel fashion to estimate the whole distance matrix.

We used synthetic datasets to evaluate the performance of FastPhylo with
other NJ based methods, using the two performance matrices: speed and
memory consumption. Results on synthetic datasets revealed that FastPhylo
outperformed other NJ based methods in terms of speed and memory con-
sumption but shows comparable speed with RapidNJ. We showed in the
paper that FastPhylo can work with very large problem instances.

The easy to use, well-defined interfaces, scalable and the modular structure
of FastPhylo allow it to be used in very large Bioinformatics pipelines. Fast-
Phylo can be a good tool of choice in many studies; for instance, in MCMC
and maximum likelihood (ML) methods for phylogeny reconstruction, it can
be used to generate a good starting tree.

Paper II: In this article, we introduced a novel inference method, called GenFam-
Clust, to detect homologous relationship among a given set of sequences.
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Homology dectection is a crucial task to many comparative genomic stud-
ies, such as gene family inference, structural and functional prediction of
novel proteins etc. A common strategy to detect homology is to use sequence
similarity criteria or use some graph theocratic approaches. These methods,
however, are sensitive to the sequence similarity thresholds that most often
result in a large number of false positives. In this paper, we employ local
synteny information along with the sequence similarity measure to detect
homology.
GenFamClust computes two different scores, i.e., sequence similarity score
and synteny score, by applying the neighborhood correlation measure [150]
to the all-versus-all BLAST bitscores and local synteny information, respec-
tively. An elliptical function is then used that takes the sequence similarity
and synteny scores as an input and outputs a one-dimensional evaluation
score which is used to cluster genes into different gene families.
We access the performance of GenFamClust using synthetic datasets and
the biological gold standard dataset. Results on both the datasets reveal
that our method performs better then the standalone sequence-similarity-
neighbourhood-correlation score and results in less number of false posi-
tives; the resultant gene families are more accurate and show similar proper-
ties. GenFamClust can be used as a part of large bioinformatics pipeline. It
can handle very large and diverse datasets spread across a variety of species,
as well as across varying protein domain architectures from single domain
to conserved and varying multi-domain proteins.

Paper III: This paper is an attempt to provide a novel method for partitioning a
very large gene family into more manageable subfamilies. It is not uncom-
mon that some gene families are quite large. Some have hundreds of mem-
bers even within a species and sequence clustering software, for example
GenFamClust in paper II, can faithfully return them. Unfortunately, some
downstream analysis cannot easily handle such large problem instances and
it is necessary to break them down into subfamilies. Such analysis includes,
in particular, Bayesian phylogenetic analysis like JPrIME DLRS [146]. This
can be done manually, but is time consuming and tedious task. The chal-
lenge is to find an objective and automatable procedure.
We argued that a method for creating subfamilies in a reliable way needs to
be based on phylogenetic inference and that subtrees are natural subfamilies.
In fact, this is a natural way of defining a gene family, which has been used
by, for example, [168]. To find good cut-points in the phylogeny, we chose
to reconcile phylogenies with a species tree. This is problematic since phy-
logeny inference is error-prone and even a small misplacement of a branch
can have large consequences when reconciling it with a species tree. We have
solved this using a bootstrap procedure, which effectively gives support val-
ues for inferred subfamilies.
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We present a method, with two variants, that take homologous sequences
(assumed to be a family) as an input and output suggestions for final gene
families. The suggestions form a hierarchy, enabling the user to make a de-
cision on cut points based on auxiliary knowledge about the biology.

The performance of our method was evaluated on synthetic datasets using
ROC analysis and also applied it to the standard biological datasets. We
found that our method performed well in identifying gene families with
high accuracy. The new method can solve issues in large-scale computations,
where it can be applied to problematic parts of the data.

Paper IV: In this paper, we propose probabilistic methods that sample reconcil-
iations of a gene tree with the species tree and compute maximum a poste-
riori probabilities. The proposed methods are based on the DLTRS model,
introduced by Sjöstrand et al. [147] that uses a MCMC framework to inte-
grate LGTs, gene duplications, gene losses and sequence evolution under a
relaxed molecular clock for substitution rates. Using the proposed sampling
method, we can estimate the posterior distribution of gene trees and the tem-
poral information of LGT events over the species tree lineages. This tem-
poral information, in turn, can be used to identify potential LGT highways
between different lineages of the species tree. In this paper, we evaluated
the sampling method using simulated and biological datasets. However, we
gave theoretical motivation of a probabilistic method that computes the most
likely reconciliation of gene tree with the species tree. Analysis on the simu-
lated datasets reveals that our method performs well in identifying the true
LGT events over the species tree lineages. Using the biological datasets, we
managed to identify potential LGT highways that are reported by previously
published studies.
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lősi, Vincent Ranwez, and Vincent Berry. An efficient algorithm for
gene/species trees parsimonious reconciliation with losses, duplications
and transfers. In Comparative Genomics, pages 93–108. Springer, 2010.

[39] Alexei J Drummond, Marc A Suchard, Dong Xie, and Andrew Rambaut.
Bayesian phylogenetics with BEAUti and the BEAST 1.7. Molecular Biology
and Evolution, 29(8):1969–1973, 2012.

[40] Dannie Durand, Bjarni V Halldórsson, and Benjamin Vernot. A hybrid
micro-macroevolutionary approach to gene tree reconstruction. Journal of
Computational Biology, 13(2):320–335, 2006.

[41] Robert C Edgar. MUSCLE: multiple sequence alignment with high accuracy
and high throughput. Nucleic Acids Research, 32(5):1792–1797, 2004.

[42] Patrick P Edger and J Chris Pires. Gene and genome duplications: the im-
pact of dosage-sensitivity on the fate of nuclear genes. Chromosome Research,
17(5):699–717, 2009.

[43] Anthony WF Edwards and Cavalli LL Sforza. The reconstruction of evolu-
tion. Heredity, 18, 1963.

[44] Greg Elgar and Tanya Vavouri. Tuning in to the signals: noncoding sequence
conservation in vertebrate genomes. Trends in genetics, 24(7):344–352, 2008.

[45] Isaac Elias. Computational problems in evolution: Multiple alignment, genome
rearrangements, and tree reconstruction. PhD thesis, KTH Royal Institute of
Technology, 2006.

[46] Isaac Elias. Settling the intractability of multiple alignment. Journal of Com-
putational Biology, 13(7):1323–1339, 2006.

[47] Isaac Elias and Jens Lagergren. Fast neighbor joining. In Automata, Languages
and Programming, pages 1263–1274. Springer, 2005.

[48] Isaac Elias and Jens Lagergren. Fast computation of distance estimators.
BMC Bioinformatics, 8(1):89, 2007.

[49] Anton J Enright and Christos A Ouzounis. GeneRAGE: a robust algorithm
for sequence clustering and domain detection. Bioinformatics, 16(5):451–457,
2000.



BIBLIOGRAPHY 47

[50] Anton J Enright, Stijn Van Dongen, and Christos A Ouzounis. An efficient
algorithm for large-scale detection of protein families. Nucleic Acids Research,
30(7):1575–1584, 2002.

[51] Chuanzhu Fan, Ying Chen, and Manyuan Long. Recurrent tandem gene du-
plication gave rise to functionally divergent genes in Drosophila. Molecular
Biology and Evolution, 25(7):1451–1458, 2008.

[52] Joseph Felsenstein. Maximum likelihood and minimum-steps methods for
estimating evolutionary trees from data on discrete characters. Systematic
Zoology, pages 240–249, 1973.

[53] Joseph Felsenstein. Maximum-likelihood estimation of evolutionary trees
from continuous characters. American Journal of Human Genetics, 25(5):471,
1973.

[54] Joseph Felsenstein. Evolutionary trees from DNA sequences: a maximum
likelihood approach. Journal of Molecular Evolution, 17(6):368–376, 1981.

[55] Joseph Felsenstein. PHYLIP–phylogeny inference package (version 3.2).
Cladistics, 5:163–166, 1989.

[56] Joseph Felsenstein. Inferring phylogenies, volume 2. Sinauer Associates Sun-
derland, 2004.

[57] Walter M Fitch. Distinguishing homologous from analogous proteins. Sys-
tematic Biology, 19(2):99–113, 1970.

[58] Walter M Fitch and Emanuel Margoliash. Construction of phylogenetic
trees. Science, 155(3760):279–284, 1967.

[59] Allan Force, Michael Lynch, F Bryan Pickett, Angel Amores, Yi-lin Yan, and
John Postlethwait. Preservation of duplicate genes by complementary, de-
generative mutations. Genetics, 151(4):1531–1545, 1999.

[60] Olivier Gascuel. BIONJ: an improved version of the NJ algorithm based
on a simple model of sequence data. Molecular Biology and Evolution, 14(7):
685–695, 1997.

[61] Andrew Gelman and Donald B Rubin. Inference from iterative simulation
using multiple sequences. Statistical Science, pages 457–472, 1992.

[62] John Geweke. Evaluating the accuracy of sampling-based approaches to the
calculation of posterior moments. In Bayesian Statistics, 1992.

[63] Pablo A Goloboff. Analyzing large data sets in reasonable times: solutions
for composite optima. Cladistics, 15(4):415–428, 1999.



48 BIBLIOGRAPHY

[64] Morris Goodman, John Czelusniak, G William Moore, AE Romero-Herrera,
and Genji Matsuda. Fitting the gene lineage into its species lineage, a parsi-
mony strategy illustrated by cladograms constructed from globin sequences.
Systematic Biology, 28(2):132–163, 1979.

[65] Paweł Górecki and Jerzy Tiuryn. DLS-trees: a model of evolutionary scenar-
ios. Theoretical Computer Science, 359(1):378–399, 2006.

[66] Laurie A Graham, Stephen C Lougheed, K Vanya Ewart, and Peter L Davies.
Lateral transfer of a lectin-like antifreeze protein gene in fishes. PLoS ONE,
3(7):e2616, 2008.
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