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ABSTRACT 

Species evolution can often be adequately described with a phylogenetic tree. 
Interestingly, this is the case also for the evolution of homologous genes; a gene in 
an ancestral species may – through gene duplication, gene loss, lateral gene trans-
fer (LGT), and speciation events – give rise to a gene family distributed across 
contemporaneous species. However, molecular sequence evolution and genetic 
recombination make the history – the gene tree – non-trivial to reconstruct from 
present-day sequences. This history is of biological interest, e.g., for inferring po-
tential functional equivalences of extant gene pairs. 
 
In this thesis, we present biologically sound probabilistic models for gene family 
evolution guided by species evolution – effectively yielding a gene-species tree 
reconciliation. Using Bayesian Markov-chain Monte Carlo (MCMC) inference 
techniques, we show that by taking advantage of the information provided by the 
species tree, our methods achieve more reliable gene tree estimates than tradition-
al species tree-uninformed approaches. 
 
Specifically, we describe a comprehensive model that accounts for gene duplica-
tion, gene loss, a relaxed molecular clock, and sequence evolution, and we show 
that the method performs admirably on synthetic and biological data. Further-
more, we present two expansions of the inference procedure, enabling it to pro-
vide (i) refined gene tree estimates with timed duplications, and (ii) probabilistic 
orthology estimates – i.e., that the origin of a pair of extant genes is a speciation. 
 
Finally, we present a substantial development of the model to account also for 
LGT. A sophisticated algorithmic framework of dynamic programming and nu-
merical methods for differential equations is used to resolve the computational 
hurdles that LGT brings about. We apply the method on two bacterial datasets 
where LGT is believed to be prominent, in order to estimate genome-wide LGT 
and duplication rates. We further show that traditional methods – in which gene 
trees are reconstructed and reconciled with the species tree in separate stages – are 
prone to yield inferior gene tree estimates that will overestimate the number of 
LGT events. 
  



SVENSK SAMMANFATTNING 

Arters evolution kan i många fall beskrivas med ett träd, vilket redan Darwins 
anteckningsböcker från HMS Beagle vittnar om. Detta gäller också homologa 
gener; en gen i en ancestral art kan – genom genduplikationer, genförluster, lateral 
gentransfer (LGT) och artbildningar – ge upphov till en genfamilj spridd över 
samtida arter. Att från sekvenser från nu levande arter rekonstruera genfamiljens 
framväxt – genträdet – är icke-trivialt på grund av genetisk rekombination och 
sekvensevolution. Genträdet är emellertid av biologiskt intresse, i synnerhet för 
att det möjliggör antaganden om funktionellt släktskap mellan nutida genpar. 
 
Denna avhandling behandlar biologiskt välgrundade sannolikhetsmodeller för 
genfamiljsevolution. Dessa modeller tar hjälp av artevolutionens starka inverkan 
på genfamiljens historia, och ger väsentligen upphov till en förlikning av genträd 
och artträd. Genom Bayesiansk inferens baserad på Markov-chain Monte Carlo 
(MCMC) visar vi att våra metoder presterar bättre genträdsskattningar än tradit-
ionella ansatser som inte tar artträdet i beaktning. 
 
Mer specifikt beskriver vi en modell som omfattar genduplikationer, genförluster, 
en relaxerad molekylär klocka, samt sekvensevolution, och visar att metoden ger 
högkvalitativa skattningar på både syntetiska och biologiska data. Vidare presen-
terar vi två utvidgningar av detta ramverk som möjliggör (i) genträdsskattningar 
med tidpunkter för duplikationer, samt (ii) probabilistiska ortologiskattningar – 
d.v.s. att två nutida gener härstammar från en artbildning. 
 
Slutligen presenterar vi en modell som inkluderar LGT utöver ovan nämnda 
mekanismer. De beräkningsmässiga svårigheter som LGT ger upphov till löses 
med ett intrikat ramverk av dynamisk programmering och numeriska metoder för 
differentialekvationer. Vi tillämpar metoden för att skatta LGT- och duplikat-
ionsraten hos två bakteriella dataset där LGT förmodas ha spelat en central roll. 
Vi visar också att traditionella metoder – där genträd skattas och förlikas med 
artträdet i separata steg – tenderar att ge sämre genträdsskattningar, och därmed 
överskatta antalet LGT-händelser. 
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FOREWORD 

When you – faced with the realization that investment banking is not all it is 
cracked up to be – exit Lehman Brothers to look for something new to fulfill your 
deep human desires, perhaps you turn to finding a cure for cancer. Just how hard 
can it be? Now, where do I sign up for that Ph.D.? 
 
Well, as someone who, after five years, has barely caught a glimpse of the vastness 
of science, I can tell you that it probably is going to be tough. Along the journey, 
you will come to recognize just how many smart and talented people have already 
attempted to do roughly what you had in mind (some of them Nobel laureates, 
long-since dead!). The diversity of life sciences is astounding, and it is almost im-
possible to do groundbreaking results on your own. And the hardships former 
Ph.D. students keep yapping about – you will likely bump into them, whatever 
strategy you adopt. But, you will have plenty of amazing awe-inspiring moments 
too, along the way, so by all means – give it a shot! 
 
I do not know if this thesis will ever help in curing cancer or other disease, but in 
theory, it could potentially act as one tiny cogwheel of that giant scientific ma-
chinery. The reasoning could go something like this: if you want to find a drug 
target or other therapeutic technique, you probably need to deal with some cellu-
lar proteins involved – but which ones? Assuming you do have a promising can-
didate, it might be problematic to convince the authorities to allow experiments 
on your pesky nephews right away, but rats or even monkeys may be tolerated. 
But how do you know which gene in the rat is the equivalent of your nephew’s 
gene, if any? And what if there seems to be more than one? The material in this 
thesis could theoretically aid in resolving those two last questions. 
 
The following pages have expanded far beyond what I have wished for, and for 
that I apologize. They have been written with a budding young Ph.D. candidate 
in mind. Duplication of content from the articles has been intentionally avoided; 
I have merely tried to provide a funnel into them, avoiding mathematics and de-
tailed algorithms.  
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1.  INTRODUCTION 

The official topic of this thesis is computer science, but the reader will quickly 
realize that much content is devoted to biology. The work has been carried out in 
the interdisciplinary field of computational biology, with an emphasis on phyloge-
netics. Central to this field is the use of molecular data of organisms to try to elu-
cidate their evolutionary past. The presented work deals with phylogenetic method 
development and comparative genomics – the study of genome structure and func-
tion across species. 

1.1  THESIS OVERVIEW 

The included papers all revolve around models and inference methods for gene 
family evolution. The body of the thesis leading up to the papers has the following 
outline. Chapter 1 gives a gentle introduction to phylogenetics and gene-species 
tree reconciliations. In Chapter 2, molecular mechanisms are presented, followed 
by a biological problem motivation. Chapter 3 describes phylogenetic inference, 
issues and techniques. Chapter 4 gives a lightweight introduction to the papers, 
and Chapter 5 provides conclusions and a short future outlook. 
 
Officially, as a compilation thesis, the traditional outline of introduction / models 
/ results / discussion / conclusion should be adhered to. This is more or less the 
case, albeit under different headings; models are presented in Chapter 3, while 
results and discussion can be found in Chapter 4. However, rather than reiterat-
ing what is already covered by the articles, the thesis body takes a slightly briefer 
and broader perspective. 

1.2  BASIC MOLECULAR BIOLOGY 

There are countless fine introductions to molecular biology and genetics. There-
fore, it is assumed that the reader is already familiar with cornerstone cellular 
concepts such as DNA, genes, meiosis, and alleles. If not, some particularly useful 
resources are presented below. 
 



18 
 

A wonderful animated online resource to genetics and the cell is Learn.Genetics 
from The University of Utah [1]. If one is curious about the history that lead up 
to the state of genetics so far, another animated online resource is DNA from the 
beginning from Cold Spring Harbor Laboratory [2], which presents landmark 
discoveries in in chronological order. A more rigorous textual account to molecu-
lar biology is the standard reference that many people encounter at some point of 
their career: Molecular Biology of the Cell by Alberts and colleagues [3]. 
 
The stochastic changes that take place on the molecular scale in organisms are 
what in the end underlie evolution on a population or species level. Processes such 
as genetic drift, gene flow and selection have for a long time been used to capture 
how mutations act on and affect populations over time, but it is only recently that 
advancements in molecular technology have enabled more precise investigations 
of these events. The interested reader who wants to probe into population genetics 
may have a look at [4], whereas [5] is a popular textbook on the more traditional 
field of evolutionary biology. 

1.3  A PRIMER ON PHYLOGENETICS 

Phylogenetics is the study of evolutionary relationships among groups of organ-
isms by means of their molecular data and, more rarely, morphological traits. Mo-
lecular phylogenetics emerged in the early 1960’s in the wake of sequences becom-
ing available, and notable pioneers include Zuckerkandl, Pauling, Fitch, and Mar-
goliash [6,7]. In the decades that followed, landmark contributions to molecular 
biology were made by, among others, Kimura, Ohta, King, and Jukes [8–10], 
which gradually helped establish the practice of using sequences for investigating 
evolution. 
 
Interestingly, molecular phylogenies have had (and continues to have) a dramatic 
impact on the fields of taxonomy and systematics – grouping and naming of bio-
logical organisms. Where taxonomists following in the trail of Linneaus, Darwin 
and Haeckel earlier had to rely primarily on morphological and physiological 
traits to classify organisms, evidence from molecular data has many times turned 
taxonomic relations on its head. One such example is the location and structure of 
fungi in the tree-of-life (see, e.g., [11]). Molecular data is also crucial to study 
“deep” divergences that occurred early in the history of life, where fossils can pro-
vide few insights. The most famous example is probably the phylogenetic discov-
ery by Woese and Fox in the late 1970’s that the two domains of life (eukaryotes 
and prokaryotes) were in fact three domains! (eukaryotes, bacteria and archaea) 
[12]. The exact events that lead up to these three domains are still a matter of 
debate, and phylogenetic methods are the primary investigative tools [13]. 
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The field of phylogenetics is not limited to the study of species relationships only; 
the particular aspect of interest can be, for instance, deducing divergence times, 
finding periods of particular evolutionary “invention”, or inferring ancestral at-
tributes from present-day (extant) organisms. In fact, the lion share of phyloge-
netics relies on extant data, since ancient DNA has a half-life of around 521 years 
[14], external factors notwithstanding1. Furthermore, the entity of a phylogenetic 
study is not necessarily a species: it can be, for instance, the history that made an 
ancestral gene give rise to a whole gene family. In this thesis, we will sometimes 
refer to species evolution, and sometimes to gene family evolution. 
 
Evolutionary relationships can often be adequately described as a tree. In a typical 
model of how species evolve, a process of speciation and extinction applied to an 
initial ancestral species eventually leads to a tree describing how present-day de-
scendants arose. Figure 1 illustrates Darwin’s famous scribble of such a tree. A tree 
is not always applicable, however, since reticulate events such as hybridization of 
species may create a network-like structure instead [15]. For the remainder of this 
thesis, we will consider trees and not networks, and for the most part, the trees 
can be assumed to be bifurcating. There are, however, methods that deal with soft 
polytomies (more than two outgoing edges), usually as a way to handle phylogenet-
ic uncertainties. 
 
 

 
 

Figure  1 .  Darwin’s first known drawing of an evolutionary tree, from [16]. 
 
Ultimately, the information available for phylogenetic inference is typically DNA 
sequences (or RNA or protein derivatives thereof) for the leaves of the tree. The 
underlying assumption is that evolutionarily closely related species have more 
similar molecular sequences than distantly related species, according to some mod-
el of evolution. Traditionally, one has made the following problem distinction: 

                                                                    
1 This is sufficient to make inquiries about Neanderthals [172] and woolly mammoths [173], but 
alas, means that Jurassic Park remains but a dream! 
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I. The small phylogeny problem:  Given the tree topology, the molecular da-

ta at the leaves, and a model of evolution, find a labeling of the ancestral 
states. 

II. The large phylogeny problem: Given the molecular data at the leaves and a 
model of evolution, find the tree topology and a labeling of the ancestral 
states. 

 
This definition has been deliberately kept a bit informal, since the specific setting 
of inference may vary; in a strict optimization scenario, one may want to find the 
tree and ancestral states that minimizes an evolutionary cost function (e.g., muta-
tions needed), but one can also imagine scenarios where whole distributions of 
parameters are of interest. At any hand, the large phylogeny problem is typically 
computationally intractable even for fairly small datasets, and the topology is 
usually the focal point. Accordingly, most phylogenetic method development 
concerns finding approximations – algorithms producing a result within a bound 
of the optimum, or heuristics – algorithms trading optimality for speed or similar-
ly, but that may work well in practice. A standard reference on phylogeny meth-
odology – past and present – is Joseph Felsenstein’s Inferring Phylogenies [17]. 

1.4  A PRIMER ON TREE RECONCILIATIONS 

The majority of the included papers deal with solving the large phylogeny prob-
lem for a gene family in light of the evolutionary history of the species in which 
the family came about. Assuming that gene family evolution and species evolution 
are both tree-like, the two trees will typically show a high degree of concordance, 
and by juxtaposing them you obtain a gene-species tree reconciliation; see Figure 2 
[18]. The mechanisms that create new genes (and thereby gene trees) are present-
ed in the next chapter. Phylogenetic analysis performed on a genome-wide scale of 
the organisms studied – mostly using gene trees – is often referred to as phylo-
genomics. 
 
The aim of a phylogenetic analysis that deals with reconciliations is usually one of 
the following: 
 

A. Given a gene tree and a species tree, find a reconciliation of the two. 
B. Given multiple gene trees, find the species tree (and reconciliations). 
C. Given the species tree and molecular data of a gene family, find the gene 

tree (and a reconciliation). 
D. Given molecular data of multiple gene families for a number of extant 

species, find the gene trees and the species tree concurrently (and recon-
ciliations). 
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By solving problem (A), one acquires information about how the various extant 
genes relate to each other. This is discussed in Section 2.2. 
 
A well-established problem related to (B) is that of combining multiple given 
trees believed to be concordant with species evolution into a single species tree. 
Traditionally, one has separated between consensus tree methods – when the extant 
taxa of the input trees overlap – and supertree methods – when the extant taxa of 
the input trees do not overlap [19]. A more traditional approach for species tree 
inference is supermatrix methods, which perform a single analysis based on a con-
catenation of several gene loci hypothesized to be derived directly from the ances-
tor [20]. 
 
 

 
 
Figure  2 .  A gene-species tree reconciliation of a gene family. As examples of pairwise 
relations of extant genes, g1 and g2 are in-paralogs, g1 and g3 are out-paralogs, g1 and 
m1 are orthologs, and m2 and h1 are xenologs. (Note: Although xenologs are rare in 
higher eukaryotes, they do occur [21]!) 
 
 
Problem (C) is  the  main focus  of  this  thesis .  It relies on having one or a 
few trusted candidate species trees on which one or more gene trees can be in-
ferred. As (A) suggests, the evolutionary past of a gene family with respect to the 
species tree is in itself interesting; see Section 2.2 and the survey of [22]. Some 
recent approaches are discussed in Section 3.3.  
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Solving (D) is the Holy Grail in that it combines (A), (B) and (C) into a single 
stage. At the time of writing, this problem is receiving much attention (see, e.g., 
[23]), as it holds promise to unravel, for example, parts of the eukaryotic tree-of-
life that are difficult to resolve by other means [24]. Simultaneous inference is, 
however, computationally expensive, and should ideally accommodate for the 
differing conditions that may apply across species, loci, and evolutionary time. 
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2.  BIOLOGY OF PHYLOGENETICS 

We now describe the biological events that create and scatter gene families across 
genomes, and then give the taxpayers (which graciously paid for this thesis!) a 
motivation why reconciliation-based phylogenetics is a good idea. 

2.1  MOLECULAR MECHANISMS 

This section outlines some of the evolutionary phenomena acting on genomes. 
Since phylogenetic inference is largely based on molecular sequences, every subsec-
tion ends with a remark on the mechanism’s bearing on genes and gene families. 

Local  point  mutations  and repl icat ion s l ippage  
Point mutations of single bases in DNA (i.e., substituting one nucleotide with 
another) typically occur as errors during DNA replication, and may be exacerbat-
ed by, e.g., exposure to radiation. The term usually also accounts for insertions or 
deletions – indels – of an entire base pair. DNA polymerase slippage during repli-
cation can affect more than one base-pair as well, and is largely responsible for the 
microsatellites (short-tandem repeats) found throughout genomes. 
 

4 

 
In coding DNA, a point mutation may be silent in that the affected codon still 
codes for the same amino acid as the original codon – a synonymous mutation. 
Accordingly, a non-synonymous mutation will change the amino acid, potentially 
altering the protein structure. More drastic effects can be expected from a non-
sense mutation, which induces a stop codon that effectively truncates the original 
protein, or from an indel, which causes a frameshift that may completely disrupt 
the gene’s translation. Models of molecular sequence evolution that are based on 
nucleotides may need to account for the higher mutation rate that typically occurs 
in the third codon position due to higher redundancy of synonymous mutations. 
Replication slippage may cause deletion or duplication of protein domains, and 
even short genes. 
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Recombination during repl icat ion 
In diploid cells, homologous recombination in meiosis can generate crossovers. At 
a breakpoint junction, a certain number of mismatches can be tolerated between 
the matched paternal and maternal strands. Repair mechanisms will correct such 
base pairs by randomly using either strand. 
 
More importantly, through unequal crossing-over of homologous chromatids dur-
ing meiosis, a significant region of DNA may be duplicated or deleted. These 
large-scale events arise due to sharing of repetitive elements at the affected regions. 
There are a multitude of other large-scale affects that may appear in conjunction 
to gametogenesis. Chromosomal translocations, for instance, can move regions 
between non-homologous chromosomes, or potentially result in a loss. Breakage 
and rearrangement within a chromosome can result in an inversion of a region. 
 

4 

 
If a recombination junction occurs across a gene, the resulting gene is a crossover. 
If the maternal and paternal alleles differ, this may lead to a new allele. Imbalances 
during crossing-over may result in allele frequency biases towards one of the ho-
mologous chromosomes; this is known as gene conversion. Exon shuffling may 
occur as a result of improper recombination, as may domain shuffling. 
 
However, a significant faux pas during replication – such as unequal crossing-over 
– has the potential to duplicate or delete one or more genes in one go. Such mech-
anisms are believed to have been of utmost importance in metazoan, enabling 
single genes to, through time, expand into and shape an enormous diversity of 
gene families [25]. Translocation and inversions can cause gene fusion or fission, 
and move genes’ locations within or across chromosomes. 

M obile  genetic  e lements  and lateral  transfer  
Transposable elements, or more commonly transposons, are stretches of DNA that 
can change their position within the genome; some through a cut-and-paste 
mechanism, and others through a copy-and-paste mechanism. DNA-only trans-
posons belong to the first category, and are common in bacteria. Retrotransposons 
belong to the second category, and are common in eukaryotic cells, in particular in 
plants. Several flavors of retrotransposons exist, some with excision mechanisms 
that resemble those of (and may originate from) retroviruses. Non-retroviral re-
trotransposons, on the other hand, are responsible for substantial parts of, e.g., 
vertebrate genomes, notably the so-called LINEs and SINEs. There is also a class 
of short transposable elements known as insertion sequences. A wide range of ge-
nomic effects can follow in the trail of transposon activity, including mutations at 
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the site of the “hole” of an excision, and cut-and-paste leading to duplication due 
to on-going DNA replication. 
 
There are other mediators of mobile genetic elements as well, including plasmids: 
non-chromosomal DNA sequences most commonly found in bacterial cells, and 
bacteriophages: viruses that infect primarily bacteria. Such sequences are instru-
mental for the phenomenon of lateral or horizontal transfer of genetic material, 
whereby an organism receives exogenous DNA or RNA from another organism 
by other means than vertical reproduction. Prominent in prokaryotes, the key 
mechanisms for lateral transfer are transformation – direct uptake of foreign ma-
terial through the cell; conjugation – a bridge-like transfer of material between two 
cells; and transduction – insertion of foreign material through bacteriophages. 
Lateral transfer is known to have occurred in and between all domains of life [26], 
but its abundance in prokaryotes, where species boundaries may be blurry, has 
made some people question the validity of a tree-of-life [27]. Others have argued 
that a tree backbone still applies [28]. Lateral transfer can also mimic duplication 
of genetic material if it occurs between individuals of the same or similar species. 
A particular kind of lateral transfer is endosymbiosis, whereby organelles such as 
mitochondria and plastids – once free-living bacteria – were incorporated in eu-
karyotic host cells. As part of their evolution into organelles, endosymbionts have 
transferred most of their genes to the host’s chromosomes. 
 

4 

 
Mobile genetic elements have significant implications for the formation of gene 
families [25]. One or more genes may be duplicated, there may be shuffling events 
that change genomic locations over time, and through lateral gene transfer, for-
eign genes can be incorporated into the recipient genome [26]. If the transfer 
process is based on an RNA intermediate, intronic and UTR regions in the origi-
nal will be missing in the copy. Portions of genes can also be affected, e.g., through 
insertions, exon shuffling or domain shuffling. 

Large  chromosomal  events  and polyploidy 
Global mutations during replication can swap regions between non-homologous 
chromosomes. It is also possible for chromosomes to undergo fusion and fission. 
Events like this can rapidly alter the chromosome number and location of genes 
for two species that are in fact closely related. 
 
More dramatically, the entire chromosome sets of a species may multiply to create 
a polyploid species. Polyploidization when two organisms create a hybrid offspring 
that carries the chromosomes of both “parents” is referred to as allopolyploidy. By 
contrast intra-species polyploidization is referred to as autopolyploidy. Allopoly-
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ploidic hybrids are particularly common in plants. It is generally believed that a 
whole-genome duplication (WGD) that follows from, e.g., autopolyploidy, has 
fewer adverse effects on an organism than if a single chromosome would dupli-
cate. Commonly, duplicated genomes will undergo chromosome fusion into a 
diploid state over time. Remarkably, it seems WGD has been a considerable factor 
in vertebrate evolution; it is believed that two rounds of WGDs (the 2R hypothe-
sis) occurred in the early vertebrate lineage [29,30], followed by a third WGD in 
the stem lineage of ray-finned fishes (3R/FSGD) [31]. Another lineage where 
WGDs have been particularly frequent is flowering plants, which today exhibit an 
astounding diversity [32]. 
 

4 

 
Fusions and fissions move genes about the genome. WGD cause a doubling of all 
genes. However, the new genome typically goes through massive losses of dupli-
cates in the time that follows, due to, e.g., dosage effects and to enhance energy 
efficiency; this is referred to as fractionation. Such losses may be the reason why 
the presumed early vertebrate WGDs are so difficult to characterize. Fractiona-
tion will often separate genes that were adjacent in the original genome [33]. 

2.2  ORTHOLOGY AND PARALOGY 

Functional izat ion theories  
Central to why gene family evolution matters is the evolutionary fate of duplicat-
ed genes. The classic book Evolution by gene duplication by Susumu Ohno [34] is 
often attributed to have popularized the importance of gene duplication as an 
evolutionary driver, responsible for the majority of genes in eukaryotes (more 
recent comments are [25,35,36]). Gene duplication may for instance play a part 
in how new species form [37,38]. How “orphan” genes have suddenly appeared in 
a genome is less well understood, but LGT from distant species seems as a reason-
able hypothesis [39]. By contrast, de novo creation of genes appears to be rare, 
although there are striking examples [40]. Several theoretical models have been 
proposed for the long-term fate of duplicates, see for instance [41–44]. Force et al. 
introduced the concepts neofunctionalization and subfunctionalization, which in 
broad terms capture most models [41]; see Figure 3. When duplicated genes 
neofunctionalize, one copy evolves to acquire a new function, whereas one copy 
retains the original function. In subfunctionalization, the copies refine on the 
original function in a complementary way. There may be immediate benefits of 
gene duplication too, such as a higher RNA dosage output. The most likely sce-
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nario, by far, however, is pseudogenization, whereby one copy succumbs to delete-
rious mutations due to a lack of selective advantage. 
 
Functionalization models for laterally transferred genes are not yet as established. 
If the transferred gene has a close homolog (i.e., is derived from the same ancestral 
gene) in the recipient genome, duplication functionalization models may apply. It 
is noteworthy that laterally transferred material can have a composition that ini-
tially deviates from its surroundings, but over time homogenizes to the recipient. 
However, much prokaryotic LGT takes place through homologous recombina-
tion “replacement” between closely related organisms in a seemingly neutral fash-
ion, perhaps allowing pan-genomes to harbor a large exchangeable gene pool [27]. 
 
 
 

 
 
Figure 3. Schematic overview of the possible functional fates of duplicated genes. 
Adopted from [45]. 
 

Orthologs ,  paralogs  and xenologs  
When considering a gene family of homologs across multiple species, the follow-
ing relations between a pair of different genes g and g’ are distinguished (see Fig-
ure 2): 
 

• orthology – g and g’ are orthologs if they belong to different species and 
their most recent common origin was a speciation [46]. 

• paralogy – g and g’ are paralogs if their most recent common origin was a 
gene duplication event. 

• xenology – g and g’ are xenologs if their most recent common origin was an 
LGT event. This term is not as established as the other two. 

 
Notably, these relationships are non-transitive. Paralogs can be further separated 
into out-paralogs and in-paralogs with respect to an ancestral speciation if the 
duplication occurred prior to, or after the speciation, respectively (see Figure 2). 
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Occasionally, the term ohnologs is used for paralogs that arose by a WGD event 
[47]. 
 
Gene duplication, gene loss and lateral gene transfer are recognized as the most 
important for how gene families arise [48], and are central to this thesis. As we 
have seen, a family of homologous genes for some species of interest may vary in 
copy-number in different species, be exposed to lineage-specific or parallel losses, 
and be scattered around the genomes due to recombination. In most cases, it is 
highly non-trivial to find out the orthology/paralogy/xenology relationships of 
present-day gene homologs, even if the ancestral species relations are known. 

W hy orthology matters  
Orthologs follow the evolution of the species, and are therefore useful for infer-
ring phylogenetic species trees. Paralogs and xenologs, on the other hand, may 
provide insights into, e.g., evolutionary innovation, such as the role of gene dupli-
cation for color vision in primates [49], or how LGT enabled disparate fishes to 
acquire anti-freeze proteins [50]. Sorting out orthology and paralogy is at least as 
interesting from another perspective, however: the ortholog conjecture postulates 
that orthologs are more likely to be functionally conserved across species than 
paralogs. To which extent this is true has been the topic of much debate, although 
recent results are pointing towards this being a reasonably valid assumption [51]. 
The ortholog conjecture has implications on functional inference by homology, 
meaning that for instance a protein in one species may have the same function as a 
homologous protein in another species. Orthologs are considered more trustwor-
thy than paralogs for inferring function, enabling, e.g., functional characterization 
of a protein in a model organism such as mouse to act as a hypothesis for an 
orthologous protein in human. However, subsequent duplications may introduce 
one-to-many orthology impediments. Many bioinformatics resources use auto-
mated annotations based on this kind of “inference by similarity”, but one should 
be cautious on how such conclusions were made, especially since the term ortholog 
has sometimes been used in a less well-defined way – much to the dismay of evolu-
tionary and computational biologists [52]. 
 
Furthermore, the advancements in massive parallel sequencing (MPS) technology 
of the last decade have enabled the current staggering pace of completed se-
quenced genomes2. In the future, reconciliation-based phylogenomic analysis of 
large multi-locus datasets will certainly play an important role to accurately re-
solve species relationships and species delineation, not least for bacteria [53,54]. 

                                                                    
2 Perhaps not exponential growth anymore, but still: <100 completed at the end of year 2000, ~500 
at the end of 2006, and 2000+ at the end of 2012, according to [174].  
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3.  PHYLOGENETIC INFERENCE 

This section first presents phylogenetic fundamentals, especially noting the vari-
ous confounding factors that make inference difficult. This is followed by over-
views of traditional and more recent reconciliation approaches, respectively.  

3.1  FUNDAMENTALS 

Retrieving gene famil ies  
Given the genomes of one or more species, finding and assembling homologous 
gene family members is non-trivial. Tools to accomplish this rely on a combina-
tion of similarity searches and clustering techniques; some recent tools and data-
bases is presented in [55]. Interestingly, many such tools also attempt to compute 
graph-centered orthology predictions during clustering without computing gene 
trees. However, recent clustering developments incorporate information on the 
species tree, thus reducing the gap between purely graph-based and purely phylo-
genetic orthology predictions [22]. 

Alignments ,  synteny and substitution models  
Genes or their derivatives form the basis for most phylogenetic analyses. Accord-
ingly, the most obvious sources of information are: 
 

I. The profile (copy-number) of homologous genes across the extant 
species. 

II. The genomic locations of the sequences, or more commonly, gene 
order (conserved blocks of adjacent genes); see Figure 4B. 

III. The molecular sequences of the genes. 
 
Profiles and genome sizes are rarely used as the main phylogenetic signal, although 
fine counterexamples exist; see for instance [56–58]. Conserved gene order, on 
the other hand – also known as synteny – is considered a strong sign of orthology. 
The reason is that if, in two genomes, sufficiently large regions are similar, they are 
likely to stem from the same ancestral genomic region rather than from a segmen-
tal duplication, although one must take WGD events into consideration. Synteny 
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has been used as a gold standard for evolutionary history; see, e.g., [59]. There are 
phylogenetic methods that make use of gene order as the primary signal for gene 
tree inference (see [60]). However, in most lineages, syntenic relationships are 
obfuscated over moderately short timespans. Unfortunately, repuzzling the ge-
nomic recombination that led up to the mosaic pattern of present day is often 
computationally infeasible [53]. 
 
 

 
 
Figure  4 .  (A) A multiple sequence alignment of a bacterial gene family. (B) The 
true homology correspondence of chromosomal location between two species is shown 
for a gene family (light grey). Gene a1 has no equivalent in genome B. Detection of 
homology of a2-b2 is aided by the fact that they share conserved flanking genes. (C) 
One of the earliest nucleotide substitution models, Kimura’s 2P model, where param-
eter α governs the transition rate and β governs the transversion rate [61]. 
 
 
The most common phylogenetic approach, by far, is to use molecular sequences 
aligned into a multiple sequence alignment (MSA). The columns of the MSA cor-
respond to evolutionarily homologous sites, allowing for indels and gaps (Figure 
4). The assembly of the MSA and the phylogenetic inference are usually handled 
separately, but there have been some promising attempts at inferring them jointly 
(see below). Under a Markov model of sequence evolution that states the station-
ary frequencies of nucleotides/amino acids/codons and their exchangeability 
rates, the MSA induces evolutionary distances between pairs of sequences (Figure 
4A). Such models are often referred to as substitution models. Site independence is 
almost always assumed, allowing MSA columns to be treated separately. The rela-
tion between the distance under a substitution model and evolutionary time is 
non-linear due to eventual saturation of mutations. Loosely speaking, phylogenet-
ic methods attempt to find a tree with branch lengths that fit these distances (e.g., 
measured in expected substitutions/site/year). Substitution models have parame-
ters that are either estimated during inference, such as the popular GTR method 
for nucleotide data [62], or are empirical (estimated a priori), as is the case for 
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most protein models due to the high number of parameters. The MSA is often 
cleaned of sites deemed too poor for phylogenetic inference prior to analysis [63]. 
More elaborate methods, such as integrating over different models are starting to 
appear, however, and are discussed briefly below. 
 
It is conceivable that inference can be based on other forms of molecular data as 
well, such as intron/exon boundaries [64], or allelic information, as was the case 
in a recent study [65]. Domain architecture in multi-domain gene families is also 
attracting attention presently [66,67]. In a slightly different scenario, in [68], 
phylogenetic trees formed the basis for resolving rearrangements of gene neigh-
borhoods. For evolution of species or populations, fossils may provide cues to 
evolution both in time and space. As a side note, the historical processes that lead 
up to contemporary populations of species interspersed across earth is the focus of 
the exciting burgeoning field of phylogeography [69], which draws on techniques 
from phylogenetics and population genetics. 

Confounding factors  and remedies  
Many biological and computational factors contribute to make phylogenetic in-
ference hard, even under the assumption that the gene family represented by an 
MSA came about solely using gene duplication, loss and LGT events (and even if 
lacking such events altogether!3). First of all species-boundaries can be blurry, in 
particular for prokaryotes. As mentioned earlier, hybridization – and on a smaller 
scale, introgression4 – tamper with the tree-like assumption of species evolution. 
The diverse gene pool that can be harbored in a population may also have implica-
tions: incomplete lineage sorting (ILS) and deep coalescence can cause the genealogy 
to disagree from the species tree due to stochastic “sorting” of ancestral polymor-
phisms in the sampled individuals (Figure 5A), see, e.g., [70]. ILS is exacerbated 
by speciations close in time, although analysis of multiple individuals from each 
species may help alleviate such errors. It is generally assumed that ILS is more 
prominent in recent lineages (selection, genetic bottlenecks, etc. reduce the effect 
over time), unlike gene duplication, gene loss and LGT, which create discordances 
also at distant lineages [54]. ILS is a well-studied phenomenon in population 
genetics, and the model of choice in phylogenetic efforts are based on multi-
species variants [71] of J. F. C. Kingman’s coalescent theory [72]. 
 
In the dawn of molecular phylogenetics, a common assumption was that of a mo-
lecular clock [73], i.e., that substitutions and indels occur with a fairly stable pace 
over time. It is now established that a strict molecular clock may not hold true 
even on short timescales [74]; there is variation in the speed of molecular evolu-

                                                                    
3 Several phylogenetic problem settings have been shown to be NP-complete – see section 3.2. 
4 My parents and I are roughly 2.8% Neanderthal according to recent genotyping tests. This is 
essentially average for Northerners, although I was hoping for an iota more for my father than me… 
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tion among (i) lineages, e.g., due to differences in effective population size or se-
lection, (ii) loci or gene families, e.g., due to genomic location, and (iii) sites with-
in a gene, e.g., due to structural constraints on the protein product. Accordingly, 
the last decade has seen tremendous methodological improvements in this area – 
see, e.g., [75] for an excellent overview. Variation of the molecular clock is some-
times referred to as heterotachy, in particular with respect to site-specific rates. 
 
 

 
 

Figure  5 .  (A) For a single locus, shows the genealogy of alleles a, b, c (squares) as 
they have evolved over discrete contemporaneous generations (circles) within a species 
tree. If the individuals containing a, b, c are sampled as representatives of their spe-
cies, incomplete lineage sorting of ancestral polymorphisms may cause the evolution-
ary history of a, b, c to disagree with the species’ evolution, in spite of orthology. (B) In 
this unrooted tree, an inadequate phylogenetic method may cause c and d to incorrect-
ly be grouped together due to long-branch attraction. 
 
 
A common approach is to discard the molecular clock and instead assume that the 
branch lengths of the tree are drawn independently from a probability distribu-
tion [76]. More recently, relaxed clock models [77] have become popular (see, e.g., 
[78,79]). They often subdivide branch lengths into edge times and rates, so that 
terminal vertex times end at present-day, but allow rate heterogeneity according 
to a rate model (Figure 6). For instance, the rates of each edge may be modeled as 
independently and identically drawn from a probability distribution [80]. A pop-
ular model for handling rate variation among sites in the MSA is that of Yang 
[81], which postulates that the relative site-specific speeds are gamma-distributed; 
see also [82,83]. There is also a wealth of methods that allow varying models 
across partitions of the data; as per the user’s request or dynamically [75,84]. 
Many methods result in unrooted trees, or possibly an arbitrary rooting. An estab-
lished practice to locate the true root is to include data from an outgroup species, 
known to be more evolutionarily distant to the other species. If this poses practi-
cal issues, simpler strategies based on the topology have been proposed [22].  
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Phylogenetic inference may suffer from random sampling errors due to, e.g., too 
short sequences, too similar sequences over short timescales, or due to saturation 
of substitutions for deep divergences. In general, denser taxon sampling may im-
prove the situation [85], but this is not always possible in practice5. Too simple 
models are prone to long-branch attraction – incorrectly joining long branches 
separated by a short branch in deep divergences (Figure 5B) [86]. Genetic homo-
plasy – where convergent evolution makes distantly related species’ sequences 
more similar than those of closely related species – is another potential error 
source. Gene families – or more commonly superfamilies – that harbor varying 
multi-domain architectures [87] are difficult to treat by conventional phylogenet-
ic methods other than by using partial sequences. Methods that model, for in-
stance, duplication or loss of domains based on all coding gene content is there-
fore an exciting frontier [66,67]. 
 
 

 
 
Figure  6 .  (A) A rooted tree scaled according to branch lengths. (B) The same tree, 
rescaled to be clock-like according to a relaxed clock model with independent edge 
rates. The edge rate is inversely proportional to the dash length. 
 
 
On the technical side, it should be acknowledged that molecular sequences cur-
rently contain errors due to shortcomings in amplification, sequencing or assem-
bly (see, e.g., [88,89]). Such errors will likely diminish in the future as sequencing 
technology improves. As regards alignment quality, the dominating approach is 
presently to first compute an MSA, then base phylogenetic inference on it. Ulti-
mately, one would like to infer the MSA and the tree jointly due to their interde-
pendence. Several such efforts have indeed been made – initially through incre-
mental iterations, and more recently in one go; see [90–94]. Even so, stand-alone 
multiple alignment methods have improved in recent years (see, e.g., [95]). Ap-
propriate substitution models can, similarly, sometimes be inferred with the data 
although, at least for protein data, one often estimates suitable models in advance 

                                                                    
5 A particularly interesting evolutionary puzzle is shedding light on early tetrapod evolution, where 
lungfish and coelacanth are contesting for the closest relative in a scarcely populated line-up [175]. 
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before inference [96,97]. More advanced approaches such as mixture models have 
now started to emerge [75]. At any hand, model suitability is of great importance, 
and many papers of the last decade have concerned phylogenetic model selection; 
see, e.g., [79,80,96–100]. Deep divergences may call for large model changes, for 
instance using varying substitution models in different parts of the tree, and pro-
gress has been made in this direction [101,102]. In practice, it is sometimes possi-
ble to partition the tree according to unquestionable splits, and carry out separate 
analyses, or to apply automated partitioning schemes followed by puzzling-
together by supertree approaches. 

3.2  TRADITIONAL APPROACHES 

Molecular phylogenetics is a rapidly developing field that by now spans a large 
variety of sub-disciplines. Below, is briefly outlined the main branches to have 
emerged. These are, in order from simple to complex (and in order of appear-
ance), parsimony-based methods, distance-based methods, maximum likelihood 
methods, and Bayesian methods. The latter approaches enable more realistic mod-
eling and higher accuracy, while the former are still in use due to lower computa-
tional requirements. More in-depth treatment of methodologies can be found in 
[17], or in the two wonderful reviews [75,103]. For the sake of simplicity, the 
discrete tree topology, the continuous branch lengths, and the model parameters 
are collectively referred to simply as parameters below, and we assume a single 
implicit phylogenetic model. 
 
 

 
 
Figure  7 . Shows a maximum parsimony (MP) tree and its sequence assignments for 
the ancestral vertices. The cost function is 1 per nucleotide substitution, yielding a 
total cost of 5. Adopted from [104]. 
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Parsimony methods 
Initially applied on morphological traits, Maximum Parsimony (MP) methods 
[7,105,106] are today used with molecular data. This methodology lacks an ex-
plicit model of sequence evolution (although it can be argued to be model-based 
[107]). Instead – in the vein of Ockham’s razor – given a tree topology, ancestral 
states are assigned to internal vertices so as to minimize the overall cost of the 
induced mutations (Figure 7). The MP tree is the tree with lowest such cost. Alt-
hough computationally and mathematically inviting, this approach cannot 
properly handle the biological reality of multiple substitutions at a site, is prone to 
long-branch attraction, and may have asymptotic undesirable properties [108]. 
Bootstrapping procedures are the common way of obtaining clade confidence 
estimates of MP, although the interpretation and reliability of these are debated 
[17]. MP constitutes one of the simplest imaginable accounts of phylogenetic 
methodology, yet it has been shown to be NP-complete [109]. 

Distance-based methods  
Distance-based methods take a two-staged approach to tree reconstruction (Fig-
ure 8). First, a distance matrix is computed between all pairs of sequences in the 
MSA according to an explicit substitution model. Then, a tree with branch 
lengths that best fit the matrix according to some error minimization criteria is 
sought. The second step is thus independent of the sequences, and could in theory 
be based on distances derived by other means. The most famous algorithm is 
Neighbor-joining (NJ), which iteratively adds vertices into a tree [110–112]. Dis-
tance-based methods are computationally efficient, but can be too simplistic to 
deal with some of the phenomena mentioned above [103]. Confidence estimates 
are commonly obtained with bootstrapping. A popular method with a slightly 
different take than traditional distance-based methods is Quartet Puzzling – 
computing a consensus tree based on four-leaf tree combinations inferred from 
the data [113]. 
 
 
 
 

 
 
Figure  8 . The typical procedure of distance-based phylogenetics. In theory, the dis-
tance matrix may be derived by other means than from an MSA. 
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M aximum l ikel ihood methods  
Maximum likelihood (ML) approaches are based on the established statistical 
methodology pioneered by R. A. Fisher. ML methods seek the parameters that 
maximize the likelihood of the data under the model. That is, 
 

θ!"   =  argmax!   Pr 𝐷 𝜃 , 
 
where Pr(D|θ) is the likelihood of observed data D under parameters θ. A widely 
used procedure of principal importance for phylogenetic ML inference is Felsen-
stein’s pruning algorithm [114]. This algorithm computes the likelihood of the 
sequences at the leaves given the tree and branch lengths by averaging over all 
possible character assignments of the internal vertices. Like in MP, finding the 
optimal ML tree has been shown to be NP-complete [115]. ML methods enable 
more advanced evolutionary models and often achieve higher accuracy than dis-
tance-matrix methods [17], but is more computationally demanding. Obtaining 
an estimate for the topology and branch lengths is typically reliant on several 
rounds of (i) heuristic branch-swapping for tree optimization, and (ii) subsequent 
numerical optimization of branch lengths. Bootstrapping is the common practice 
for estimating confidence of the inferred parameters, similarly to above. Popular 
ML programs include RAxML [116], PhyML [117], and FastTree [118]. 

Bayesian methods  
Bayesian inference shares many characteristics with ML, but relies on Bayes’ theo-
rem for obtaining the posterior probability Pr(θ|D)   of the parameters θ   and 
observed data D under the model: 
 
 

Pr 𝜃 𝐷 =   
Pr 𝐷 𝜃 Pr 𝜃

Pr 𝐷
, 

 
where Pr(θ) is the prior belief bestowed on θ, Pr(D|θ) is the likelihood, and 
Pr(D) is the data probability normalization constant. Bayesian inference thus 
treats the parameters θ  as random variables, and admits investigation of the entire 
posterior landscape with respect to θ. It should be acknowledged that – when a 
single model is considered – inference techniques can often avoid computation of 
the typically hard-to-estimate denominator Pr(D). The merits and weaknesses of 
Bayesian inference – e.g. the impact of the prior on the posterior – have been 
debated as much in phylogenetics as in any other field [17,119]. Suffice it to say 
that it is now widely recognized that the Bayesian approach – which made its first 
splash in the mid ‘90s [120–122] – enables biologically realistic multivariate 
models needed to solve more complex problems [75]. 
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From a full posterior, obtaining more concise estimates can be achieved in various 
ways. The maximum probability tree, the majority-rule consensus tree, or split fre-
quencies of terminal vertex sets are ways to boil down tree space [75], whereas a 
continuous parameter can be examined, e.g., by the mean, mode or confidence 
interval of the marginal distribution (Figure 9). Confidence estimates thus come 
as a “free lunch” without need for bootstrapping. However, some heuristics re-
strict the search space and return only an estimate of the maximum a posteriori 
solution, (see, e.g., [123]). 
 
 

 
Figure  9 .  The first 1000 samples with respect to duplication-loss-transfer rate pa-
rameters from an MCMC analysis using the model of paper III. Isosurfaces have been 
added to illustrate sample density (with blue highlighting the most densely sampled 
region). In practice, due to that the MCMC chain must converge to the posterior 
distribution, a proportion of the initial samples should be discarded as burn-in. 
 

M arkov-chain M onte  Carlo  
The most popular and arguably flexible way of performing full-blown phylogenet-
ic analysis with hierarchical Bayesian models is by means of Markov-chain Monte 
Carlo (MCMC) [124]. Indeed, the models underlying the work in this thesis are 
Bayesian and MCMC-based. MCMC is a random-walk procedure that approxi-
mates the posterior distribution by sampling from parameter space. A well-
established MCMC approach is to use the Metropolis-Hastings sampling scheme 
[125], which is fairly adept at handling the “curse of dimensionality” of complex 
models, and has theoretical guarantees on convergence to the posterior distribu-
tion. However, this fidelity comes at a price – Metropolis-Hastings methods in-
volve tuning to achieve good “mixing”, diagnostics to ensure convergence, and are 
computationally demanding. Recent efforts reduce time requirements through 
parallelization and use of GPUs [126]. As in ML methods, tree space is typically 
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explored using operations such as nearest neighbor interchange (NNI), subtree 
pruning and regrafting (SPR), and tree bisection and reconnection (TBR). A de-
tailed account on MCMC analysis and diagnostics is beyond the scope of this 
thesis, and the reader is referred to [124,127,128] for such aspects. Ideally, if the 
Markov chain mixes properly, Bayesian MCMC methods should avoid getting 
stuck in local topology optima (a problem pronounced in ML heuristics). In prac-
tice, though, the topology influences the posterior landscape greatly, and tricks 
such as Markov-coupled MCMC (MC3) may be needed to properly move between 
different modes of the posterior [129]. 
 
MrBayes [130], BEAST [131], and PhyloBayes [132] are among the most widely 
used Bayesian softwares. Our groups packages, PrIME and JPrIME, are also 
adopted by an increasing number of users. 

3.3  RECONCILIATION APPROACHES 

The idea of reconciliation-based phylogenetics rests on the assumption that a 
species tree is an evolutionary reality. While this is accepted for most of eukary-
otes, the large phylogenetic discordances found among prokaryotes (often at-
tributed to LGT) has raised concerns about the soundness of a prokaryotic species 
tree [39]. However, recent results point to the existence of a vertical inheritance 
backbone in prokaryotes [28,133]. 
 
Traditional phylogenetic methods form the basis for most gene-species tree rec-
onciliation approaches. The major strategies to have emerged are combinatorial – 
typically based on parsimony – or probabilistic – often based on Bayesian methods 
[48]. Combinatorial frameworks are often quicker, but does not allow for the 
same model refinement as probabilistic models. 

M ost  pars imonious  reconci l iat ion  
Introduced by Goodman et al. in 1979 [134], the most well-known and widely 
adopted technique to reconcile a given gene tree with a species tree is the most 
parsimonious reconciliation (MPR) under a model of duplication and loss; see 
Figure 10. The MPR solution is the reconciliation that minimizes the number of 
duplications; indeed a reasonable assumption [135]. 

Combinatoria l  efforts  
Since the article of Goodman et al., many duplication-loss MPR frameworks with 
explicit gene tree inference algorithms have appeared, e.g., [136,137]. Similarly, 
combinatorial methods that incorporate LGT have matured gradually over the 
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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. 
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[23]. In [104], our group presented one of the first truly comprehensive probabil-
istic models for duplication, loss and LGT events, and it has since been adopted in 
revised form by Szöllosi et al. [159,160] (see also paper III of this thesis). Similarly 
to the case with combinatorial methods, LGT in probabilistic methods poses 
difficulties both in terms of modeling and computation. For instance, some 
methods have sought to address introduction of foreign material by including 
“gene genesis” events into their model, e.g., [159]. A recent study explicitly inves-
tigated this phenomenon of “transfer from the dead” [160]. 

Current  trends  
As denser taxonomic sampling becomes possible, models cannot discard the phe-
nomenon of ILS [71]. Indeed, such reconciliation methods are starting to appear, 
e.g., from Stolzer et al. [161] and Rasmussen and Kellis [162]. A marriage between 
the multispecies coalescent (similar to that of traditional methods such as [163]), 
and birth-death-like processes for duplication-loss-transfer events therefore seems 
as a sound modeling avenue. Another concept from population genetics – ances-
tral recombination graphs (ARGs) – has been proposed for inferring non-vertical 
evolutionary events [164]. Some recent reconciliation approaches aimed at infer-
ring species evolution from gene trees are [23,165]. Such methods – unlike con-
sensus approaches – explicitly allow for gene trees that deviate from the species 
tree in topology and copy-number of terminal vertices. 
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4.  PRESENT INVESTIGATIONS 

The included papers constitute a fairly coherent whole, and focus on models for 
gene family evolution. Our group has a penchant for comprehensive generative 
probabilistic models, relying on Bayesian inference with an MCMC framework. 
The setting is the same across the board: gene family evolution takes place over a 
given species tree equipped with approximate relative divergence times. For tech-
niques to obtain a dated species tree, the reader is referred to, e.g., [78,166,167]. 
 
Paper I presents the models, paper II and III are centered on model inference, 
whereas papers IV and V present specific extensions of paper II for the sake of 
orthology analysis. The emphasis is on model development, although papers III, 
IV, and V also include biological findings. I have performed the main work on 
papers I—III, while on papers IV and V, I have had a more supervisory role. On 
all papers, I have made contributions in data collection, implementation, analysis, 
results evaluation, and writing. Some personal remarks are appended in italics 
below. 

Paper  I :  GenPhyloData:  Real ist ic  s imulation of  gene family  
evolution 
This short paper serves as an accessible backdrop to the generative models that 
underlie the other publications. The present bombardment of published genomic 
data is swaying the phylogenetics community into multi-locus analysis of large 
datasets. New methods need to be properly evaluated on sound synthetic data. 
We make available the tools used internally for simulating gene families. Three 
consecutive generative steps – each with its own tool – are presented: (i) Genera-
tion of a clock-like species tree using a birth-death model. (ii) Generation of a 
clock-like gene tree guided by a species tree using a duplication-loss-transfer mod-
el. (iii) Creating branch lengths for the gene tree edges in accordance with a wide 
range of published clock relaxation techniques. We also argue that our reconcilia-
tion approaches can be used in biogeography [69], or for analyzing host-parasite 
switching [168,169]. 
 
The writing of this article was prompted by interest from other groups – of course a 
most welcome request! 
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Paper  II :  DLRS:  Gene tree  evolution in  l ight  of  a  species  tree  
This paper presents a refined implementation of the model introduced in [157], 
namely for gene family evolution accounting for duplication, loss, sequence evolu-
tion, and relaxed rates. In the supplementary, we present benchmarks on synthetic 
and biological data that demonstrate the benefits of including the species tree 
information to achieve high quality gene tree estimates. However, reconciliation 
approaches sometimes assume a high degree of gene-species tree concord – such as 
considering only MPR reconciliations or limiting gene tree search to solutions 
similar to the species tree. In the supplementary, we include some preliminary 
results that suggest that relying too much on this assumption may be misleading 
on real data. 
 
This was the first project I was assigned to, and one that was estimated to take a cou-
ple of months. Needless to say, in agreement with Hofstadter’s law6, thousands of lines 
of code, one RAID hard-drive failure, and years later, it was published. It laid the 
foundation for paper III, though, and it has been my ambition that the tool would 
make our methods an itsy bitsy bit more accessible to end-users. 

Paper  III :  A Bayesian method for  analyzing  lateral  gene transfer  
In this, the largest contribution to the thesis, we present an extension of the mod-
el of paper II to account also for LGT. Although combinatorial reconciliation 
models with LGT have reached maturity, probabilistic reconciliation methods 
have been few and not very comprehensive, primarily due to computational hur-
dles. Other methodologies have instead been in use, for instance phylogenetic 
networks or two-staged approaches (traditional gene tree inference, followed by 
reconciliation). Our method infers the gene tree, branch lengths and model pa-
rameters in a single phase. At the method’s heart is an intricate machinery of dif-
ferential equations and dynamic programming (DP). Applying the method on 
two bacterial datasets, we estimate genome-wide rates for gene duplication and 
LGT, and show that two-staged approaches may perform poorly on data where 
LGT is prominent. 
 
This paper was the marathon of my Ph.D., and much blood, sweat and tears were 
shed along the way. We believe it to be a substantial article, however, with the poten-
tial of providing more accurate studies of LGT in prokaryotes, and others have al-
ready adopted the model. 

                                                                    
6 Douglas Hofstadter’s law: ”It always takes longer than you expect, even when you take into account 
Hofstadter's law” [176]. 
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Paper  IV:  Genome-wide probabil i st ic  reconci l iat ion analys is  across  
vertebrates  
The method of paper II described MCMC sampling up to the resolution of indi-
vidual gene tree topologies; that is, more precise information of the various ways 
to reconcile a gene tree topology with the species tree was not provided. This is an 
effect of the algorithm: by integrating over all ways to reconcile a gene tree using 
DP in an MCMC iteration, the parameter space is collapsed dramatically. In pa-
per IV, we introduce additional DP schemes on top of the original algorithm to 
sample individual reconciliations and “dated reconciliations” (minted realiza-
tions). We can thus obtain posterior estimates not only of gene tree topologies, 
but also of reconciliations and realizations. We apply the method on a vertebrate 
dataset to highlight gene duplication abundance along the species tree. Perhaps 
more importantly, we also show that biological exceptions to the frequently em-
ployed MPR assumption may be more common than previously reported. In 
other words, there may be parallel losses that go undetected using MPR, but can 
be observed under our model due to a strong sequence evolution signal. 
 
The ideas of more fine-grained reconciliation analysis was in my head before my 
supervisor Jens Lagergren (as usual) came up with something much more brilliant. 
Hopefully, as sequence quality, alignment quality and divergence time estimates 
improve, this work – led by Owais Mahmudi – will enable much interesting and 
reliable insights on gene duplication activity over the course of evolution. 

Paper  V:  Integrating  sequence evolution into  probabil i st ic  
orthology  analys is  
In [170] was presented a methodology for probabilistic orthology analysis – that 
is, obtaining “soft” estimates of orthology and paralogy of extant gene pairs in a 
gene family. Commonly, traditional approaches for this have been performed in 
two steps: (i) gene tree inference, followed by (ii) reconciliation by MPR, possibly 
weighting orthology assignments by credibility derived from (i). In [170], an inte-
grated one-step approach was proposed as an improvement. Paper V extends the 
idea onto the model of paper II, so that sequence evolution with relaxed rates is 
simultaneously accounted for during inference. We analyze primate and verte-
brate datasets to show that our model yields quality predictions that surpasses 
those of our previous model, and of the traditional approach. We also present 
heuristics based on ROC curves to estimate suitable thresholds for deciding 
orthology events, and for benchmarking tree-based orthology methods in general. 
 
Our group had already made contributions in this area, and here Ikram Ullah has 
been the helmsman for a plethora of analyses to show that one comprehensive model 
indeed improves phylogenetic orthology analysis. Given the attention this area has 
garnered recently, we hope the community will benefit from this approach shortly. 
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5.  CONCLUSION AND FUTURE 
PERSPECTIVES 

In the papers of thesis, we have tackled problems that are commonplace in phylo-
genetic analysis; gene tree inference, genome-wide estimates of duplication, loss 
and LGT rates across species, and orthology analysis, to name the most central 
themes. However, what sets our methods apart from traditional approaches is 
that we have repeatedly shown that incorporating information of the species tree 
provides significantly improved accuracy. This should not come as a surprise – 
gene family evolution and species evolution are deeply entangled. We believe our 
models to be comprehensive, as well as biologically and mathematically well-
founded, but we also acknowledge that this comes at a certain computational cost. 
Accordingly, future attempts that retain model refinement at the local scale, but 
make use of divide-and-conquer or partitioning techniques to handle larger da-
tasets seem likely. Also, our methods rely on given species trees and divergence 
times. This is often a valid approach; species relations are commonly known, and 
divergence times can often be obtained from public resources or estimated ap-
proximately by molecular means without much fuss. However, for situations 
where these criteria are not fulfilled, other approaches need to be devised, as dis-
cussed below. 
 
While our group has a fairly long experience of reconciliation-based phylogenet-
ics, there is no doubt that it has become a hot research area also in the community 
at large over the last few years. Computational and methodological advances 
combined with large quantities of data enable increasingly realistic biological 
models. It seems plausible that in a few years, we will see methods that perform 
joint probabilistic species and gene tree inference based on multiple gene families, 
while accounting for mixture model-sequence evolution, duplication, loss, LGT, 
domain evolution, population genetic processes, and gene neighborhood infor-
mation – all at once. 
 
On the other hand, when complete genomes of a plethora of species are available 
(perhaps with population polymorphism data), it is not impossible that much 
simpler statistical measures will suffice for at least resolving species evolution. In 
any case, as highly reliable probabilistic estimates of species and gene trees can be 
obtained on a local scale, it seems the time has come to ramp up probabilistic 
supertree approaches in a similar manner. Hopefully, public databases of tree 
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estimates with probabilistic confidence measures will be become available shortly, 
followed by efforts to construct a probabilistic species tree-of-life – and a proba-
bilistic gene forest-of-life! 
 
The near future of the group looks very promising, with studies of gene family 
domain evolution, hybridization networks, or characterization of WGD events all 
within reach of our models, and more trustworthy homology assembly methods 
already under way. As pointed out recently [171], presence of LGT can disrupt 
conventional orthology prediction methods. Therefore, extensions of paper III 
along the lines of papers IV and V seem worthwhile to investigate. 
 
Continuing to be a little bold, the future looks bright in many other directions. 
One can imagine phylogenomics of densely sampled bacterial populations, per-
haps based on large-scale genome alignments. Also, biogeographic methods will 
certainly continue to improve. Intriguingly, biogeography seems applicable on a 
micro-scale as well; cancer progression can perhaps be inferred based on aberra-
tions and spatial location of multiple singly-sequenced tumor cells. 
 
In short: best of luck, my future graduate student successor – there are endless 
research opportunities most beautiful and most wonderful to pursue! 
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