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ABSTRACT

Homologous recombination events in bacterial genomes have wide-ranging effects on public
health in society. This phenomenon is a significant factor explaining the prevalence of an-
timicrobial resistance. When recombination occurs in bacteria, a segment of foreign DNA is
introduced into its chromosome. This evolutionary mechanism can give rise to antibiotic re-
sistance. On the other hand, reconstructing bacteria’s evolutionary history in the presence of
recombination is notoriously tricky. Phylogenetic trees investigate evolutionary history and
relationships between organisms, which is essential for understanding and analyzing natural
processes. These trees are required tools for numerous fundamental and practical research.
Recombination detection in a bacterial genome is one application of phylogenetic trees. Ad-
vanced phylogenetic inference methods, such as maximum likelihood and Bayesian inference,
use probabilistic models that are computationally expensive, especially for large datasets. De-
tecting the boundary of recombination events and reconstructing a global phylogenetic tree il-
lustrating the underlying evolutionary pattern of biological sequences has never been a straight-
forward problem. At the same time, the rapidly growing number of bacterial whole-genomes
has produced an extra challenge for the computational approaches to reconstructing fast and
accurate phylogenetic trees with the presence of recombination.
In this thesis, we introduce PhiloBacter, a maximum likelihood-based tool to detect recombina-
tion in bacterial genomes and account for it during phylogenetic reconstruction. Specifically, it
estimates the probability of each site in an alignment to be recombinant. We then presented two
approaches to incorporate these probabilities to infer the clonal history of these genomes. The
first borrows ideas from sequencing error estimation, and the other uses mixtures of matrices
to account for uncertainty introduced through recombination.
We also present a new simulation tool, BaciSim, for bacterial genomes that undergo recombi-
nation.
Finally, we developed a software pipeline for the semi-automatic identification of recombi-
nation and reconstruction of a phylogenetic tree from an alignment bacterial genome. Using
simulated datasets, we investigated the accuracy and reliability of our approach to detect re-
combination events and to get better estimates of the clonal history of a collection of genomes
that underwent recombination. We benchmarked our methods with other widely used methods
(Gubbins and ClonalFrameML). Our simulations show that PhiloBacter tends to outperform
these two methods.
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THESIS FORMAT

This is a conventional thesis consisting of 6 chapters. This thesis aims to develop statistical
methods for inferring recombination in bacterial genomes.

Chapter 1 is an introduction chapter, including the research background, motivation, aim, and
objectives.

Chapter 2 is a literature review of conventional methods for inferring phylogenetic trees and
recombination detection methods.

Chapter 3 is about general methods in this research work which introduce PhiloBacter.

Chapter 4 presents a new simulation tool for bacterial genomes that undergo recombination.

Chapter 5 is Result and Discussion.

Chapter 6 summarizes the main research outcomes of this thesis and possible future research
directions that may arise based on the advances made.

iv



TABLE OF CONTENTS

Page

CERTIFICATE OF ORIGINAL AUTHORSHIP i

ABSTRACT ii

ACKNOWLEDGEMENT iii

Thesis Format iv

TABLE OF CONTENTS v

LIST OF TABLES x

LIST OF FIGURES xi

CHAPTER ONE: INTRODUCTION 1

1.1 Research Motivation 1

1.2 Recombination 3

1.2.1 Homologous recombination in bacteria 4

1.3 What is a phylogenetic tree? 8

1.3.1 Mathematical definition of phylogenetic tree 9

1.3.2 Computer format of phylogenetic tree 10

1.4 Impact of recombination on phylogenetic analyses 12

v



1.5 Research Objectives and Contributions 13

1.6 Thesis Structure 14

CHAPTER TWO: LITERATURE REVIEW 15

2.1 Methods for inferring phylogenetic trees 15

2.1.1 Distance-based Approaches: 15

2.1.1.1 UPGMA and WPGMA 16

2.1.1.2 Neighbor-Joining 16

2.1.1.3 Maximum parsimony (MP) 16

2.1.2 Modeling Nucleotide Evolution 17

2.1.2.1 JC69 model 19

2.1.2.2 Some other models 20

2.1.2.3 GTR model 20

2.1.3 Statistical Approaches 21

2.1.3.1 Maximum Likelihood Method 21

2.1.3.2 Bayesian analysis using MCMC 24

2.2 Detection of recombination events in bacterial genomes 26

2.2.1 Phylogenetic-based recombination detection methods 28

2.2.1.1 ClonalFrame and ClonalFrameML 29

2.2.1.2 ClonalOrigin 30

2.2.1.3 Gubbins 30

2.2.1.4 Bacter 31

2.3 Summary 31

CHAPTER THREE: RESEARCH METHODOLOGY: PhiloBacter 33

vi



3.1 Introduction to HMM 33

3.1.1 Basic Understanding of Markov Model 34

3.1.2 Hidden Markov Model (HMM) 36

3.1.3 What kind of problems can be resolved through the Hidden Markov Model? 38

3.2 Incorporating Sequence Uncertainty in Phylogenetic Inference 40

3.2.1 Uncertainty models in DNA sequences 42

3.3 PhiloBacter: A new tool to infer phylogenetic trees from recombinant bacterial

genomes 43

3.3.1 Overview 43

3.3.2 Step one: Recombination Estimation 44

3.3.2.1 Description of algorithm 44

3.3.2.2 Lesson learned 52

3.3.3 Step two: Clonal tree Inference using whole genomes 55

3.3.3.1 PhiloBacter: Maximum Likelihood Calculation 56

3.3.3.2 PhiloBacter: Uncertainty in clonal tree Inference 58

3.4 Summary 62

CHAPTER FOUR: RESEARCH METHODOLOGY: BaciSim 64

4.1 Introduction 64

4.2 Background 65

4.3 Methods 67

4.3.1 Overview of BaciSim Simulator 68

4.4 Discussion 70

CHAPTER FIVE: RESULTS AND DISCUSSIONS 73

vii



5.1 Pipeline introduction 73

5.1.1 Installing the pipeline 73

5.1.1.1 Prerequisites: 73

5.1.1.2 Installation Steps: 74

5.1.2 Analysis mode 75

5.1.3 Simulation mode 76

5.2 Evaluation Metrics 78

5.2.1 Evaluating Recombination Detection 78

5.2.2 PhiloBacter as a regression model 79

5.2.3 PhiloBacter as a classification model 79

5.2.4 Evaluating Phylogenetic reconstruction 81

5.3 Performance Evaluation 82

5.3.1 BaciSim Simulator 82

5.3.1.1 Investigating different values of ν 82

5.3.1.2 Investigating different recombination lengths 86

5.3.1.3 Investigating different recombination rate 88

5.3.1.4 Investigating different tMRCA 89

5.3.2 SimBac Simulator 91

5.3.3 FastSimBac Simulator 93

5.4 Comparison with fastGEAR 95

5.4.1 fastGEAR Simulated Data 96

5.4.2 BaciSim Simulator 98

5.4.2.1 Detecting Recent Recombinations 98

5.4.2.2 Detecting Ancestral Recombinations 99

viii



5.4.2.3 Detecting All Recombinations 101

5.5 Application to empirical data 101

5.5.1 Application to Streptococcus pneumoniae 101

5.5.2 Application to Staphylococcus aureus 106

5.5.3 Application to Bacillus Cereus 108

5.6 Resource Usage 111

5.7 Discussion 116

CHAPTER SIX: Conclusion and future directions 119

6.1 Conclusion 119

6.2 Perspectives and Future Research 121

6.2.1 PhiloBacter as a fast and more efficient tool 121

6.2.2 Generalised uncertainty approach 122

6.2.3 Internal and external nodes 123

6.2.4 A dynamic and general simulator 124

6.2.5 PhiloBacter and quantum computing 125

REFERENCES 126

APPENDICES 145

ix



LIST OF TABLES

Tables Title Page

Table 5.1 Summary of recent recombination (leaves) detection for three selected

lengths (500, 1000, and 1500) using BaciSim, fastGEAR, Gubbins, CFML, and

PhiloBacter. The simulated data were generated using the following settings: ν :

0.03, Number of genomes: 10, Alignment length: 100K, and tMRCA: 0.01. The

left column indicates the number of simulated recombination events, with the ’Anc’

columns set to zero to represent the absence of ancestral recombination in the sim-

ulated data. Column ’Rec’ shows the number of recent recombination events. 99

Table 5.2 Summary of ancestral recombination (internal nodes) detection for three se-

lected lengths (500, 1000, and 1500) using BaciSim, fastGEAR, Gubbins, CFML,

and PhiloBacter. The simulated data were generated using the following settings:

ν : 0.03, Number of genomes: 10, Alignment length: 100K, and tMRCA: 0.01.

The left column indicates the number of simulated recombination events, with the

’Rec’ columns set to zero to represent the absence of recent recombination in the

simulated data. Column ’Anc’ shows the number of ancestral recombination events. 100

x



LIST OF FIGURES

Figures Title Page

Figure 1.1 A schematic view of transduction in which external DNA is entered into a

bacterial cell by a virus (Image modified from “Conjugation,” by Adenosine (CC

BY-SA 3.0). The modified image is licensed under a CC BY-SA 3.0 license.) 5

Figure 1.2 A schematic view of transformation in bacteria in which some bacteria take

up naked DNA from the environment (Image modified from “Conjugation,” by

Adenosine (CC BY-SA 3.0). The modified image is licensed under a CC BY-SA

3.0 license.) 7

Figure 1.3 A schematic view of transformation in bacteria in which one bacterial cell

transfers genetic material to the other cell through straight contact (Image modi-

fied from “Conjugation,” by Adenosine (CC BY-SA 3.0). The modified image is

licensed under a CC BY-SA 3.0 license.) 8

Figure 1.4 The topology of all trees is the same. (a) Rooted phylogenetic tree - Clado-

gram (b) Rooted phylogenetic tree - Phylogram (c) Unrooted phylogenetic tree. 10

Figure 2.1 An example of unrooted tree topology for four taxa with two internal nodes

[71]. 22

Figure 3.1 Representation of a Markov Chain with two states: This shows a Markov

Chain with states S0 and S1, and the arrows indicate the probability of departing

from one state to the other state or remaining the same [114] 35

Figure 3.2 A graphical representation of an HMM 38

xi



Figure 3.3 Overview of the PhiloBacter process, illustrating (Step 1) estimation of re-

combination events and (Step 2) phylogenetic inference accounting for the pres-

ence of recombination. 44

Figure 3.4 Schematic representation of the PhiloBacter HMM framework. This model

encompasses five core components: (1) Hidden State Sequence, (2) Start Prob-

ability, (3) Transition Probability, (4) Emission Probability, and (5) Observation

Sequence, 45

Figure 3.5 Illustration of the bi-state HMM approach utilized in this study for recombi-

nation state identification. The red node exemplifies a target node, highlighting the

hypothesis that recombination amplifies polymorphism within each branch, subse-

quently elongating it. 46

Figure 3.6 Example of the HMM model observation for three different nodes, including

external and internal nodes. 47

Figure 3.7 Depiction of the Four-State HMM framework. The red node serves as a

representative example of the target node within the model. State 1 shows Clonal-

Frame, which didn’t undergo any recombination. 53

Figure 3.8 Eight trees indicate the hidden states of HMM model. The red node serves

as a representative example of the target node within the model. State 1 shows

ClonalFrame, which didn’t undergo any recombination. 55

Figure 4.1 A collection of clonal and local trees which simulates various evolutionary

schemes for every segment of the genomes might represent mosaic evolutionary

histories. 68

Figure 4.2 Overview of simulation studies. A flow diagram of the steps in a simulation

study [130]. 69

xii



Figure 4.3 An example of the graphic output of BaciSim shows recombination events,

their location and length along the alignment. 72

Figure 5.1 A schematic view of the pipeline modes. a) shows the pipeline has two

modes; b) shows the steps of the analysis mode. 75

Figure 5.2 A schematic view of the pipeline. Detailing its five primary stages: (1) Sim-

ulation, (2) Sequence Generation, (3) Initial Tree Construction, (4) Recombination

Detection and Tree Inference, and (5) Analysis. 78

Figure 5.3 RMSE for different value of ν of three methods: ClonalFrameML, Gubbins,

PhiloBacter - Number of genome:10 - Alignment length:100K - tMRCA:0.01 -

Recombination length:500 83

Figure 5.4 Accuracy for different values of ν for three methods: ClonalFrameML,

Gubbins, PhiloBacter - Number of genome:10 - Alignment length:100K - tM-

RCA:0.01 - Recombination length:500 83

Figure 5.5 F1-Score for different values of ν for three methods: ClonalFrameML, Gub-

bins, PhiloBacter - Number of genome:10 - Alignment length:100K - tMRCA:0.01

- Recombination length:500 84

Figure 5.6 BaciSim Simulator: Distances between true (clonal) tree and trees of

three methods: ClonalFrameML, Gubbins, PhiloBacter - Number of genome:10

- Alignment length:100K - tMRCA:0.01- Recombination rate:0.01 - Recombina-

tion length 500 85

Figure 5.7 BaciSim Simulator: Investigating how accurate each method (PhiloBac-

ter, Gubbins and CFML from left to right) can estimate different intervals of re-

combination length. Number of genome:10 - Alignment length:100K - nu:0.05-

tMRCA:0.01 87

xiii



Figure 5.8 BaciSim Simulator: Distances between true (clonal) tree and trees of

three methods for different recombination rate: ClonalFrameML, Gubbins,

PhiloBacter- Number of genome:10 - Alignment length:100K - nu:0.05- tM-

RCA:0.01 - Recombination length 500 89

Figure 5.9 BaciSim Simulator: Distances between true (clonal) tree and trees of three

methods for different values of tMRCA: ClonalFrameML, Gubbins, PhiloBac-

ter - Number of genome:10 - Alignment length:100K - nu:0.05- Recombination

rate:0.01 - Recombination length 500 91

Figure 5.10 SimBac Simulator: Distances between true (clonal) tree and trees of three

methods: ClonalFrameML, Gubbins, PhiloBacter - Number of genome:10 - Align-

ment length:100K- Recombination rate:0.0005 - Recombination length:500 93

Figure 5.11 FastSimBac Simulator: Distances between true (clonal) tree and trees of

three methods: ClonalFrameML, Gubbins, PhiloBacter - Number of genome:10 -

Alignment length:100K - Recombination rate:0.0005 - Recombination length: 500 95

Figure 5.12 The figure visually represents the population’s genetic structure inferred by

fastGEAR. In this illustration, the rows are aligned with the sequences, the columns

correspond to specific positions within the alignment, and various colors depict

different populations. 97

Figure 5.13 Analysis of the PMEN1 genome alignment with Gubbins employing differ-

ent phylogeny construction strategies [87] 103

Figure 5.14 Analysis of the PMEN1 genome alignment with PhiloBacter. a) PhiloBacter

tree, b) CFML tree 104

Figure 5.15 Analysis of the PMEN1 genome alignment with CFML. Vertical bars indi-

cate recombination events detected by the CFML. 105

xiv



Figure 5.16 Analysis of the PMEN1 genome alignment with PhiloBacter. Vertical bars

indicate recombination events detected by the analysis. 107

Figure 5.17 The analysis of Bacillus cereus strains isolated in Australia: a) Tree rep-

resentation using Gubbins, b) CFML-based phylogenetic tree, and c) PhiloBacter

tree analysis. 110

Figure 5.18 The analysis of Bacillus cereus strains isolated in Australia with PhiloBac-

ter. Vertical bars indicate recombination events detected by the analysis. 112

Figure 5.19 Resource usage comparison chart showcasing CPU consumption across var-

ious tools: PhiloBacter, CFML, Gubbins (Gubbins-result is our custom script for

output manipulation), and RAxML. 113

Figure 5.20 Resource usage comparison chart showcasing RAM consumption across

various tools: PhiloBacter, CFML, Gubbins (Gubbins-result is our custom script

for output manipulation), and RAxML. 114

Figure 5.21 Comparative chart of job duration, illustrating the processing times for

PhiloBacter, CFML, Gubbins (enhanced with our tailored script -Gubbins-result-

for output refinement), and RAxML. 115

Figure 5.22 I/O resource usage comparison chart, displaying results for PhiloBacter,

CFML, Gubbins (modified using our custom script -Gubbins-result- for output op-

timization), and RAxML. 116

Figure A.1 BaciSim Simulator: This figure is the same as Figure 5.3. We removed

Gubbins’s data to clarify the differences between CFML and PhiloBacter(s). 147

Figure A.2 BaciSim Simulator: This figure is the same as Figure 5.4. We removed

Gubbins’s data to clarify the differences between CFML and PhiloBacter(s). 148

xv



Figure A.3 BaciSim Simulator: This figure is the same as Figure 5.5. We removed

Gubbins’s data to clarify the differences between CFML and PhiloBacter(s). 149

Figure A.4 SimBac Simulator: This figure is the same as Figure 5.10. We removed

Gubbins data to clarify the differences between CFML and PhiloBacter. 150

Figure A.5 SimBac Simulator: This figure is the same as Figure 5.11. We removed

Gubbins data to clarify the differences between CFML and PhiloBacter. 151

Figure A.6 SimBac Simulator: This figure is the same as Figure 5.12. We removed

Gubbins data to clarify the differences between CFML and PhiloBacter. 152

Figure A.7 Details of Australian genomes used in section 5.5.3 Application to Bacillus

Cereus. 153

xvi



CHAPTER ONE
INTRODUCTION

1.1 Research Motivation

The importance of recombination as a widespread evolutionary force to make diversity

among organisms is not deniable. While mutation serves as the primary source of genetic vari-

ation, recombination takes center stage in introducing substantial evolutionary leaps, yielding

novel combinations of alleles. Numerous species have undergone significant recombination

events throughout their evolutionary journey. Even in organisms like bacteria, which primarily

reproduce clonally, recombination remains a pivotal factor in their molecular evolution.

Phylogenies are crucial in addressing a wide range of biological questions, such as un-

raveling the relationships between organisms and genes, investigating the origins of emerging

infectious diseases, and comprehending population dynamics and species migration patterns.

Nevertheless, recombination significantly influences the construction of phylogenetic trees, af-

fecting almost all aspects of tree parameters [1]. Traditional phylogenetic methods overlook

recombination since they assume all loci in a multiple sequence alignment share a uniform

evolutionary history. However, bacteria frequently exchange genetic information through re-

combination, swapping genome segments among organisms and altering their evolutionary his-

tories.

Many studies have shown that bacterial recombination is a major factor explaining the

prevalence of Antimicrobial resistance (AMR) [2]. Antibiotics are the primary medicines pre-

scribed to prevent and fight bacterial infections. AMR happens when bacteria no longer respond

to these important medicines. This phenomenon is currently one of the most severe health is-
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sues facing humans and all living creatures. Currently, AMR causes the deaths of 700,000

people per year, equaling the impact of cancer; it is predicted that the AMR death rate will rise

to over 10 million annually by 2050. In the Western Pacific region alone, the economic impact

of AMR over the next ten years is estimated to exceed 1.35 trillion US dollars [3]. Antibiotic

resistance can impact anyone, of any age, in any country. This issue can potentially jeopardize

public health even more than COVID-19, threatening to set back medicine to the 19th cen-

tury [2]. When recombination occurs in bacteria, a segment of foreign DNA is introduced into

the chromosome; sometimes, the little piece of DNA passed on through recombination gives

bacteria the ability to fight off the effects of antibiotics. Once a resistance gene is joined to a

bacterium’s genome, the bacterium can influence other bacteria and give the resistance gene to

all of its descendants. Bacteria multiply rapidly, and resistance is magnified. Unfortunately, no

measures like social distancing can reduce the risk of AMR because bacteria live everywhere:

in food, water, and air [4], [5].

Antibiotic resistance is not the only effect of recombination. Such gene acquisition,

loss, and replacement which are driven by homologous recombination, frequently lead to

new pathogenic strains [6], new serotypes [7], opportunistic pathogens [8], metabolic adap-

tations[9], [10], immunity evasion, colonization of new hosts [11], increased virulence [12]

and, in general, threats to public health [13]–[15].

The capability to detect outbreaks of infectious diseases early and to track them is vital

to maintaining public health [16]. The advent of Next Generation Sequencing (NGS) technol-

ogy has decreased the general cost of Whole Genome Sequencing (WGS), increasing the speed

of this process and facilitating the use of bacterial WGS alignment in evolutionary analyses and

outbreak detection. Developing accurate and efficient statistical and computational tools from

the inferences provided by the phylogenetic trees from whole-genome sequences has the poten-
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tial to diminish the worldwide load of infectious diseases, building predictive tools that would

upgrade our drug development, vaccines design, and treatment targetting capabilities [17].

Apart from all the mentioned phylogeny applications, another vital use is employing

phylogenetic reconstruction to detect recombination events. This thesis reconstructs the phylo-

genetic tree by considering the presence of recombination in the bacterial genome: making a

tree inference and recombination detection simultaneously. In the rest of this chapter, the basic

concepts of recombination and phylogenetic trees are defined and contextualized.

1.2 Recombination

Recombination is an exchange of genetic material between different chromosomes or

within a single chromosome. In practice, recombination occurs in almost all multicellular

organisms and some unicellular organisms, breaking and repairing DNA strands to produce

new combinations of different gene states and alleles. The effects of recombination can be

advantageous when they enhance existing adaptations, but they can also be harmful when a

combination of beneficial alleles is disrupted. Recombination rates differ not only amongst

individuals of the same species but also in different species and populations [18].

The importance of recombination as an evolutionary force in creating diversity among

organisms is undeniable. Many organisms naturally undergo substantial amounts of recombi-

nation in their population through various underlying molecular mechanisms. While mutation

is the primary source of natural genetic divergence, recombination can quickly introduce large

evolutionary jumps, introducing new combinations of alleles [1].

If the substituted donor sequence resembles the region in the receiver DNA strand with-

out being identical, we say it is homologous — this procedure is named homologous recombi-

nation (HR).
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1.2.1 Homologous recombination in bacteria

Recombination plays a key role in the molecular evolution of bacteria, as they are or-

ganisms that reproduce clonally. When recombination occurs in bacteria, a piece of foreign

DNA is introduced into the chromosome; i.e., several nucleotides change simultaneously [19],

[20]. The DNA fragments obtained this way can replace the previous homologous sequences in

the genome. If the incoming DNA does not match the receptor (chromosome), it usually fails

to integrate and is automatically destroyed due to non-replication. This homologous recombi-

nation in bacteria is functionally equivalent to gene conversion’s mechanism and nonreciprocal

nature in eukaryotic organisms [21].

Natural genetic transformation, a recombination mechanism, is frequently observed in

bacterial species [22], [23]. Natural transformation is a mechanism of great significance for

pathogenic bacterial categories; in some cases, an infectious bacterial pathogen’s survival may

rely on its ability to repair DNA through recombination [23]. Evolution in bacteria was previ-

ously believed to be based on mutation or genetic drift. Still, we now consider recombination

or gene transfer a primary driving force in prokaryotes’ development [24]. This driving force

has been extensively investigated in organisms such as E.coli [22], [25].

Recombination could help spread functional genes that produce more adaptable organ-

isms. Cells may spread functional genes by genetic recombination and help ensure the species’

survival. A type of RecA enzyme typically catalyzes recombination in bacteria. These recom-

binase enzymes repair DNA damage by homologous recombination [26].

While bacteria do not reproduce sexually in the true sense, many or most of them can

transfer DNA fragments from one bacteria cell to another by one of the following three mech-

anisms:
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1) Transduction is the transfer of DNA from one cell to another bacteria cell through

viruses [27], [28]. A virus infects a bacterium and injects a DNA fragment of the donor into the

victim cell. Bacteriophage viruses hijack the molecular machinery of the bacterial cell to syn-

thesize DNA, RNA, and proteins quickly [29]. The virus’ genetic material occasionally fuses

with the DNA of the host. Then, it extrudes its viral DNA from the bacterial chromosome,

where the bacterial genes may be incorporated into the newly released viral DNA. The virus

causes the bacterium to reproduce many virus genomes with its genes. Then, the virus ruptures

the cell and releases new virions, each repeating the cycle. In this way, one host’s genes are

combined with another host’s genes, perhaps from another species [30].

Figure 1.1 A schematic view of transduction in which external DNA is entered into a bacterial
cell by a virus (Image modified from “Conjugation,” by Adenosine (CC BY-SA 3.0). The

modified image is licensed under a CC BY-SA 3.0 license.)

Transduction is able to rapidly rearrange the genetic composition of bacterial popula-

tions, even if they breed asexually, with profound effects on bacteria and their habitats. This
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type of gene transfer has contributed significantly to antibiotic resistance. Antibiotic resistance

is a natural behavior of some bacterial cells’ membranes, making it difficult for the antibiotic

to bind there. Of course, this phenomenon can result from random mutation and does not af-

fect the overall effectiveness of the antibiotic. Nevertheless, if a bacteriophage contaminates

an antibiotic-resistant bacteria and then transfers the mutated gene to other cells, more bacteria

will evolve resistant to the antibiotic and reproduce as with binary fission. Then the number of

antibiotic-resistant cells in the population increases exponentially [30]. Transduction is sum-

marized in Figure 1.1.

2) Transformation Some specific species of bacteria can take segments of foreign gene frag-

ment DNA, known as plasmids, from their surroundings and insert these new segments into

their chromosomes. First, the bacterium must go to a condition called "competence," which

allows for "transformation." The bacterium must activate several genes expressing the required

proteins to achieve this competence. Bacteria usually carry out transformations within a single

species. Transformation occurs naturally and is also a feature of bacteria that scientists can use

to their advantage: selected DNA can be inserted into a prokaryotic cell by placing the DNA

in a culture medium, thus creating strains with desired characteristics [30]. Transformation is

summarized in Figure 1.2.
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Figure 1.2 A schematic view of transformation in bacteria in which some bacteria take up
naked DNA from the environment (Image modified from “Conjugation,” by Adenosine (CC

BY-SA 3.0). The modified image is licensed under a CC BY-SA 3.0 license.)

3) Conjugation is the closest bacterial equivalent to intercourse. In conjugation, physical

contact is made between two bacteria cells through a bridge-like structure called a pilus. The

donor cell must have a small piece of DNA, named the F-plasmid, that the recipient cell lacks,

which is then transferred to the recipient. The recipient’s DNA polymerase enzyme then pro-

duces a complementary strand to produce the typical double-stranded DNA structure and com-

bines the recipient’s DNA with its genome [30]. Conjugation is summarized in Figure 1.3.
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Figure 1.3 A schematic view of transformation in bacteria in which one bacterial cell transfers
genetic material to the other cell through straight contact (Image modified from

“Conjugation,” by Adenosine (CC BY-SA 3.0). The modified image is licensed under a CC
BY-SA 3.0 license.)

1.3 What is a phylogenetic tree?

A phylogenetic tree is an elegant representation of evolutionary relationships among

species, genes, populations, or even individuals similar to a pedigree. It illustrates which genes

or organisms are the most related to each other.

Phylogenies are essential for working on biological problems such as determining the

relationships between organisms and genes, identifying the origins of emerging infections and

diseases, or modeling population transformations and migration between species. Before the

emergence of DNA sequencing technologies, phylogenetics was only used to represent system-
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atics and taxonomy species relationships, relying on inference methods from heritable traits and

morphology. Molecular phylogeny is an exciting interdisciplinary field at the boundary of bi-

ology, statistics, and algorithmics. Today, most branches of biology use phylogenies [31], [32].

Here are just some examples of the practical application of phylogenetics: Understanding the

outbreak of infectious diseases [33], like HIV and SARS [34], [35], forensics [36], [37], iden-

tifying the origin of pathogens [38], [39], drug discovery [40], [41], cancer identification and

treatment [42], [43], investigation of human prehistory [44].

1.3.1 Mathematical definition of phylogenetic tree

From a mathematical perspective, phylogenetic trees are acyclic graphs composed by

a set of vertexes connected by a set of edges. External nodes (tips, leaves, or terminal nodes)

represent the current species (taxa); the branches are the edges. Internal nodes are also known

as “hypothetical taxonomic units” (HTUs) to show that they are extinct ancestors of tips without

sequence data available for them. All sequences’ most recent common ancestor is considered

the tree’s root [1], [45].

A phylogenetic tree can be either rooted or unrooted. A rooted tree is a tree with the

specified node as the root (Figure 1.4a), representing every taxon’s most recent common ances-

tor. An unrooted tree, the most recent comment ancestor is unknown and therefore lacks a root

node (Figure 1.4c) [45].

The degree of the node is the number of linked branches to a node. The degree of all

the leaves is one. A binary tree, also known as a bifurcating tree or sometimes a fully resolved

tree, is a tree that includes nodes with a degree of less than three. When non-root nodes have

a degree greater than three, and root-node has a degree greater than two is called polytomy or

multifurcation [45]. In this thesis, only binary trees are considered.
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(a) Cladogram (b) Phylogram (c) Unrooted tree

Figure 1.4 The topology of all trees is the same. (a) Rooted phylogenetic tree - Cladogram (b)
Rooted phylogenetic tree - Phylogram (c) Unrooted phylogenetic tree.

Most tree reconstruction approaches cannot infer the placement of the root. However,

rooted trees can be inferred using a molecular clock or non-reversible models [45]. Outgroup

rooting is a method often used to root phylogenetic trees. Outgroups are designated from sam-

ples with the farthest evolutionary distance possible while still related to the nodes or species in

the tree; the branch leading to the outgroup roots the tree. Midpoint rooting is another method

for assigning a root to a phylogenetic tree, common in the analysis of population data [45].

Tree topology or tree structure describes the pattern of branches or the order of tree

nodes [30]. A branch length represents the evolutionary distance between two nodes, where

the unit can be the number substitution per sequence site or time (e.g. years). A cladogram

(Figure 1.4a) is a tree topology miss-representing the branch length information, while a phylo-

gram (Figure 1.4b) is a tree representation including both the topology and branch lengths [1],

[45].

1.3.2 Computer format of phylogenetic tree

Newick tree format represents a phylogenetic tree in a computer-readable format using

nested parentheses and commas. As an example, the trees in Figure 1.4 may be represented as:

a and b: ((((A, B), C), D), E, F);
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b: ((((A: 0.015, B: 0.024): 0.0124, C: 0.0333): 0.0123, D: 0.0425): 0.01234, E: 0.0514, F:

0.0646);

c: (((A, B), C), D, E, F);

In general, the number of branches of an unrooted tree with n species is 2n−3, and the

total number of unrooted binary trees for n species is:

Un =
(2n−5)!!

2n−3(n−3)!

In computer science, NP-hardness and NP-completeness are important concepts in com-

putational complexity, which seeks to classify computational problems according to their in-

herent difficulty [46]. NP stands for "nondeterministic polynomial time"[47]. It represents the

class of decision problems (problems with a yes/no answer) for which a solution can be verified

in polynomial time given a certificate or witness (a solution). In other words, if you’re given

a potential solution to an NP problem, you can check if it’s correct in a reasonable amount of

time. NP-hard, on the other hand, stands for "nondeterministic polynomial-time hard". This

class of problems is at least as hard as the hardest problems in NP. Informally, an NP-hard

problem is one where it’s at least as hard to find a solution as it is to verify one [48], [49].

Understanding the evolutionary history of different organisms or genes through phy-

logenetic reconstruction is not straightforward, and It is categorized as an NP-hard problem;

indeed, the construction of phylogenetic trees falls into the category of combinatorial optimiza-

tion problems, which necessitates the use of heuristics for tree-search [50], [51]. In practice,

this makes the true answer unknowable unless the number of nodes is small; the sheer scale

of the problem, especially when there are many species or sequences involved, means that all

possibilities cannot be considered within a meaningful timeframe so that no individual solu-

tion can be verified as optimal. Despite the many methods proposed over the years, none have
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yet ensured an estimated phylogenetic tree that is an exact “true” tree [1]. While finding the

exact optimal solution may be challenging, efficient algorithms and techniques are available to

approximate the solution and produce valuable results.

1.4 Impact of recombination on phylogenetic analyses

Conventional phylogenetic tree reconstruction methods assume that all loci of multiple

sequence alignment share the same evolutionary history of substitution patterns, evolutionary

rates, and tree topology. Still, the evolutionary behavior of bacteria typically violates this as-

sumption, with trees made more complicated by recombination [52]. Recombination events

produce a robust phylogenetic signal, so accounting for recombination in the phylogenetic tree

inference method can simultaneously improve evolutionary analysis and recombination detec-

tion [53].

Recombination events can affect phylogenetic tree reconstruction in two ways. The

first is tree topology [54]; while the branching structure of the phylogenetic tree usually re-

mains unchanged, in some cases, it does change. The second is branch length, representing the

evolutionary time between two nodes, significantly increased by a recombination event [54].

To better understand the impact of recombination on phylogenetic reconstruction,

Hedge and Wilson [54] conducted simulations with different scenarios of recombination rates.

Their scenario includes 1,000 populations, each consisting of 100 bacterial genomes, with a

length of 1 Mb and a moderate mutation rate. They designed three scenarios: high, low, and no

recombination. In each simulation, they recorded the clonal frame. They used different phylo-

genetic methods, namely neighbor-joining (NJ), unweighted-pair group method with arithmetic

means (UPGMA), maximum likelihood (ML), and BEAST, to estimate the phylogeny. They

found that the clonal frame’s topology was reconstructed with remarkable accuracy, even when
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recombination was present, achieving a success rate of over 97%. However, the branch lengths

of the clonal frame were not as robustly reconstructed, and their accuracy was affected by re-

combination. The distortion in branch lengths was more pronounced when recombining sites

were removed. Therefore, In this study, we focused on branch length rather than topology for

phylogenetic reconstruction.

Numerous tools for recombination detection likely point to the inherent difficulty of

assessing recombination in molecular sequence data [1]. On the other hand, rapidly growing

databases of bacterial whole genomes make detecting recombinations and accounting for them

in bacterial phylogenetic tree inference more difficult.

1.5 Research Objectives and Contributions

Homologous recombination events lead most bacterial genomes to mosaic evolutionary

histories [55]. The conventional phylogenetic tree inference can not illustrate the underlying

evolutionary pattern of biological sequences. Still, a network that simulates various evolution-

ary schemes for every component of the genomes might infer them better.

The rapidly growing number of bacterial whole-genomes has produced a challenge for

the computational approaches to reconstructing fast and accurate phylogenetic trees with the

presence of recombination. Therefore, there is the main aim of the present thesis:

Proposing a new approach (PhiloBacter∗) that can tackle the problem of inaccurate

phylogenetic reconstruction due to recombination by considering different evolutionary rates

and substitution patterns for different genome segments.

*: Philo is a combining form appearing in loanwords from Greek, where it meant

“love.” When studying philosophy, people want to understand how and why people do cer-

tain things and how to live a good life. When People use PhiloBacter, they want to understand
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the history of the bacteria, how they evolve, and their specific characteristics (recombination)

to make a better life for living creatures on this planet.

1.6 Thesis Structure

Chapter 1 introduced the background of this thesis, the research motivations, and the

corresponding research objectives. Chapter 2 presents the related work of this research, includ-

ing the classification of the existing methods. Chapter 3 explains the detail of the proposed

method, which includes the recombination detection method and the new approach for tree in-

ference in the presence of recombination. Chapter 4 presents a new simulator (BaciSim) for

recombined bacterial genomes. Chapter 5 discusses evaluating simulated data and empirical

datasets, comparison, and analysis with existing methods. Chapter 6 concludes this thesis and

provides discussions of future work.
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CHAPTER TWO
LITERATURE REVIEW

This chapter is an overview of the related work to this thesis topic. Section 2.1 reviews

conventional methods for inferring phylogenetic trees. Then, the state-of-the-art methods for

detecting recombination events in bacterial genomes are presented in Section 2.2. Finally, we

briefly summarize the contents of this chapter.

2.1 Methods for inferring phylogenetic trees

Phylogenetic reconstruction methods can be categorized into two classes based on some

overall features: distance-based and character-based. In the first set of approaches, a distance

matrix is constructed by calculating a pairwise comparison of sequences. The subsequent anal-

ysis can use this matrix to infer the phylogenetic trees. Generally, a clustering algorithm plays

the role of the converter of a distance matrix into a phylogenetic tree. UPGMA [56] (Un-

weighted Pair Group Method with Arithmetic mean) and NJ [57] (Neighbor-Joining) are the

most popular methods in this category. Character-based approaches are another method of phy-

logenetic reconstruction and play a central role in the discourse of this thesis. Character-based

methods directly use alignment to optimize a criterion to infer phylogeny. Maximum parsi-

mony [58], Maximum-Likelihood [59], and Bayesian methods [60]–[62] are in this category.

2.1.1 Distance-based Approaches:

Taken together, distance-based methods can be summarised as algorithms that reduce

tree size in a cyclical fashion, beginning by pairing the nearest nodes in the tree, then combining

these pairs to a higher level as single nodes. In this manner, the size of the new tree is reduced,
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and then the distance matrix with fewer entries is recalculated, with these steps repeated over

the smaller datasets [31].

2.1.1.1 UPGMA and WPGMA

The UPGMA (Unweighted Pair Group Method with Arithmetic mean) and WPGMA

(Weighted Pair Group Method with Arithmetic mean) algorithms construct rooted and ultra-

metric dendrograms. The latter represent equal distances from the root to every terminal node.

At each step of this method, the closest two nodes are merged into a new node. In the next

step, the average of two distances previously calculated is assigned as the distance between any

two nodes. In molecular datasets (DNA, RNA, and protein), the ultrametricity assumption is

equivalent to the molecular clock assumption that assumes contemporaneous taxa [1], [31].

2.1.1.2 Neighbor-Joining

The neighbor-joining algorithm requires an input distance matrix, including the distance

between each pair of taxa. A full unresolved tree with a star network topology is the starting

point for this algorithm; it calculates the Q matrix according to the initial matrix and then finds

the least distant pair of nodes. These two closest nodes are converged, creating a new node on

the tree; the distance of the other taxa to this new node is then recalculated, and this process is

repeated until the tree topology ultimately resolves [57].

2.1.1.3 Maximum parsimony (MP)

The maximum parsimony (MP) approach looks for the tree topology with the least evo-

lution, in other words, the shortest tree. The procedure for finding the parsimony tree contains

two sub-problems:
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1. Computing the number of substitutions, or tree length, for each tree topology

2. Searching for the tree topology that minimizes tree length over all possible tree topologies

On a given tree topology, the MP algorithm calculates the number of mutations for each

site on each branch to reach the observed nucleotide at the tips to find the character length or site

length. The sum of all branches on a tree, or the parsimony score for all nucleotides, is called a

tree’s parsimony length, which may be calculated for different tree topologies. After evaluating

the scores of multiple topologies, the tree with the lowest parsimony score for all positions is

chosen. This final tree is called the maximum parsimony tree or the most parsimonious tree[1],

[45]. Computing the number of mutations on a fixed topology is straightforward and fast. On

the other hand, finding the most parsimonious tree is an NP-hard problem, requiring heuristic

processes since enumerating every topology is only feasible for very small datasets [1].

2.1.2 Modeling Nucleotide Evolution

Evolutionary forces affect DNA sequences leading to sequence changes over time,

meaning that any two taxa with a common ancestor can evolve separately and eventually di-

verge; the scale measuring this divergence is known as a genetic distance. In phylogenetics,

genetic distance can be represented by the length of branches between tree nodes. Therefore,

if the exact genetic distance between all pairs of sequences is known, a basis for reconstructing

the evolutionary tree of these sequences is available [1].

A probabilistic model can describe changes between nucleotides and is used to approx-

imate the number of substitutions. Time-homogeneous, time-continuous stationary Markov

models are typically employed for this objective [1], [63]; the Markov property is most com-

monly summarised in English as “given the present, the future does not depend on the past”.
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This model has the usual transition matrices, parameterized by time, t. Specifically, if

S1,S2,S3,S4 are the states, then the transition matrix:

P(t) = (Pi j(t)) (2.1)

where each individual entry, Pi j(t) refers to the probability that the state Si will change

to state S j in time t. The state space for a nucleotide is Ω = {A,C,G,T}. The corresponding

transition matrices are based on this general matrix:

P(t) =



pAA(t) pAG(t) pAC(t) pAT (t)

pGA(t) pGG(t) pGC(t) pGT (t)

pCA(t) pCG(t) pCC(t) pCT (t)

pTA(t) pT G(t) pTC(t) pT T (t)


(2.2)

All of these models share the following assumptions:

• Assumption 1: Each nucleotide site in the sequence is usually evolving independently.

It is consistent with the main characteristic of a Markov chain that it has no memory;

• Assumption 2: Substitution rates are fixed over time; they have homogeneity.

• Assumption 3: A, C, G, and T have equilibrium (stationarity) frequencies, i.e,

(πA,πC,πG,πT ) [1], [63].

Time reversibility A Markov process is deemed time reversible when the amount of change

from state x to y and vice versa are equal; this applies even if the two states have different

frequencies. This means that:
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πxµxy = πyµyx

Most of the stationary processes typically used in DNA evolution are time reversible.

Nucleotide substitution models, meanwhile, are at the heart of the maximum likelihood

estimation and Bayesian inference in phylogeny. These models are also required to simulate

sequence data for organisms associated with a particular tree [64].

During the DNA replication process, it is likely that the polymerase incorporates a

non-complementary nucleotide [1]. When a purine (A, G) replacement with a purine and a

pyrimidine (C, T) with a pyrimidine occurs, it is called transition. In contrast, the change of

purine to pyrimidine or vice versa is called a transversion [1]. Most nucleotide substitution

models have been developed based on transition/transversion rate parameters. Here we briefly

describe some of these models:

2.1.2.1 JC69 model

The simplest model for DNA sequence evolution is known as the Jukes-Cantor (JC69)

[65]. JC69 is not considered a biologically realistic model, but it is a good place to start. Base

frequencies (πA = πG = πC = πT = 1
4) and mutation rates are assumed equal in this model. The

only parameter of this model is the substitution rate µ .

Q =



−3µ

4
µ

4
µ

4
µ

4

µ

4 −3µ

4
µ

4
µ

4

µ

4
µ

4 −3µ

4
µ

4

µ

4
µ

4
µ

4 −3µ

4


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2.1.2.2 Some other models

In 1980, a model with two parameters was first proposed by Kimura, called K2P or

K80 [66]. The first parameter referred to the transition, and the second to the transversion

rate. A year later, he introduced another model called K3ST, also known as K3P or K81 [67],

which allows for three substitution types. In K81, the first parameter is the transition rate, as

in K80. Still, now there are two parameters for the rate of transversions: the second parameter

is designated to conserve the weak/strong properties of nucleotides, and the third is to preserve

the amino/keto properties of nucleotides. In 1981, Felsenstein [59] introduced an elaboration

with four parameters, calling it F81, in which the substitution rate corresponds to the stationary

frequency of the target nucleotide. The HKY model [68] integrated the K81 and F81 models

into a single five-parameter model in 1985.

2.1.2.3 GTR model

The general time-reversible (GTR) [69] model is the most complex "time-reversible"

model where sites are modeled independently. It is a commonly selected model in phylogenetic

inference. At the same time, some more complex models are not time-reversible or model

dependencies between more than one site at a time. The parameters of the transition rate matrix

include the base frequency vector at the equilibrium, Π = (πA,πG,πC,πT ), and 6 substitution

rate parameters and the rate matrix is:

Q =



−(απG +βπC + γπT ) απG βπC γπT

απA −(απA +δπC + επT ) δπC επT

βπA δπG −(βπA +δπG +ηπT ) ηπT

γπA επG ηπC −(γπA + επG +ηπC)


(2.3)
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Where α,β ,γ,δ ,ε and η are the transition rate parameters.

When the nucleotide evolution model and thus Q matrix is specified, calculating the

probabilities of transition from one base to any other during the evolutionary time t, P(t), by

computing the matrix exponential:

P(t) = exp(Qt)

As soon as the probabilities P(t) are estimated, this equation can be employed to approx-

imate the expected genetic distance between two sequences based on the evolutionary models

specified by the Q matrix.

2.1.3 Statistical Approaches

2.1.3.1 Maximum Likelihood Method

Maximum likelihood (ML) is a method for approximating the parameters θ of a proba-

bility model (distribution) given some data Y and was introduced into molecular phylogenetics

by Felsenstein in 1981 [70]. Parameters are estimated by maximizing a likelihood function L.

In phylogenetics, the likelihood function is the conditional probability of the sequence align-

ment X given the parameters Pr[X |θ ], which may include the branch lengths, the parameters

of the substitution model (if any), and the tree topology:

L(θ) = Pr[X |θ ]

= Pr(aligned sequences|parameters)

Simplifying the problem requires some primary and idealistic assumptions. First, dif-
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ferent sites of the sequence evolve independently and with a similar evolutionary rate. Second,

evolution in one taxon is independent of another taxon [1], [45]. Based on these assumptions,

calculating the probability of the input-aligned sequences turns into calculating the product of

the probabilities of single sites [45]:

L(θ) = f (X |θ) =
n

∏
i=1

f (Xi|θ) (2.4)

where Xi is the ith site in a sequence alignment.

In order to avoid numerical underflow during optimization of the likelihood function,

phylogenetic programs usually maximize the log-likelihood instead:

l(θ) = log(L(θ)) =
i

∑
h=1

log{ f (Xi|θ)} (2.5)

Figure 2.1 An example of unrooted tree topology for four taxa with two internal nodes [71].

Unfortunately, there is no simple and straightforward analytical formula to calculate the

maximum likelihood parameters for phylogenetic trees, so the following explanation is based

on a simplified example, from which the procedure for evaluating more complex trees can be

simply extrapolated. Accordingly, Figure 2.2 represents a tree for n = 4 sequences 1, 2, 3, 4.

Assuming that the model is time-reversible, the evolution can start at any node as a tree root for

the computation of its likelihood (Pulley Principle [70]). So we choose node "0" as a starting
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point and proceed along the branches to generate the sequence x = (x1x2x3x4). If the state of

internal nodes 0 and 5 are known (i.e., x0, x5), then

P(x|θ ,x0,x5) = Px0x1(s1)Px0x2(s2)Px0x5(s5)Px5x3(s3)Px5x4(s4)

Where Pzuzv(s) gives the probability of substituting nucleotide zu to nucleotide zv while

S substitution happens along the branch which starts at u and ends at v. Generally, the internal

nucleotides are unknown; At the same time, it is necessary to know the ancestral states, the

solution to overcome this problem is to consider all possible states for each internal node.

P(x|θ) = ∑
x0∈A

∑
x5∈A

πx0P(x|θ ,x0,x5)

where A={A,C,T,G} and (πA,πC,πG,πT ) is the stationary distribution of the evolution-

ary model.

Based on this example, now is the time to state the process of finding conditional likeli-

hoods as a general formula by starting at a node whose only descendants are leaves. So for any

node x, with two leaves y and z, we can compute L(x)
s :

L(x)
S =

4

∑
s=1

[(
4

∑
sy=1

PSxSy(vy)L
(y)
Sy
)(

4

∑
sz=1

PSxSz(vz)L
(z)
Sz
)] (2.6)

And for the leaves:

L(x)
Sy

=

{
1 if Sy = xi

0 otherwise

Once conditional likelihoods are computed for all n− 2 internal nodes with two off-

spring, we can consider those nodes as new nodes and then use their conditional likelihoods
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to calculate the likelihoods of their ancestor nodes. So, the process of calculating conditional

likelihoods and replacing the new nodes to find conditional likelihoods of their ancestor nodes

proceed upward until we reach the tree’s root. At the root, node 0, of the tree, the conditional

likelihood L(0)
S0

will be calculated. Then, the overall likelihood of the entire model is

L = ∑
s0∈A

πS0L(0)
S0

(2.7)

Note that πS0 is the base frequency for the root of the tree and gives us the probability

that the root is in state S0 [1], [31], [45], [71], [72].

2.1.3.2 Bayesian analysis using MCMC

Bayesian phylogenetic methods revolutionized genomic sequence data analysis when

they were first presented in the 1990s. Bayesian statistics utilize probability distributions to

quantify the uncertainty of all unknown parameters. The distribution of unknown parame-

ters before observing the data is known as the prior distribution. When the prior has been

updated with information provided by observed data, the resulting distribution is called "poste-

rior distribution." In other words, the posterior distribution includes prior knowledge and data

information, forming Bayesian inferences together[73].

Given X as a set of aligned DNA from n taxa. We aim to infer the phylogeny of these

taxa and estimate the other parameters, such as the substitution model parameters. Let τ denote

the tree topology, b represents the tree branch lengths, and θ contains the parameters in the

evolutionary model, such as rate ratio. Let f (τ,b,θ) define the prior and f (X |τ;b;θ) the

likelihood. Therefore, the posterior distribution based on the Bayesian formula is then:
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f (τ,b,θ |X) =
f (X |τ,b,θ) f (τ,b,θ)

m(x)
(2.8)

Where m(x) the marginal probability distribution of the data can be calculated based on

the summation over all parameters:

m(x) = ∑
τ

∫
β

∫
φ

f (X |τ,b,θ) f (τ,b,θ)d(θ)d(b) (2.9)

In statistics, m(x) is a normalizing constant that guarantees posterior distribution is a

proper statistical density and integrates to 1. Typically, in Bayesian phylogenetics, θ is inde-

pendent of τ and b whereas φ and β denote the parameter space for θ and b respectively [73].

In Bayesian phylogenetic inference, because of the curse of dimensionality of unknown

parameters, it is not tractable to estimate m(x) easily, except for the tiny number of taxa.

MCMC can use Bayesian inferences without the computation of normalizing constant [74].

Markov chain Monte Carlo (MCMC) In molecular phylogenetic reconstruction, calculat-

ing prior and likelihood is not too hard. To compute the marginal probability, we must calculate

the summation over all possible tree topologies, integration over branch lengths in those trees,

and all variables in the evolutionary substitution model. Markov chain Monte Carlo (MCMC)

algorithms present a robust approach to performing Bayesian computation to overcome infea-

sible calculation. The most significant property of the Markov chain is its convergence towards

a stationary state irrespective of the starting point. The Markov chain Monte Carlo (MCMC) is

applied in Bayesian statistics by generating a set of valid instances from the posterior parameter

space to approximate unknown parameters. By setting up a Markov chain with the posterior

distribution as its equilibrium distribution, samples of the target distribution can be obtained
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from different chain states. The chain is launched at an arbitrary point and continues until it

converges onto ideal distribution, with all chain steps including a proposal not far from the

current state [1]. A schema of an MCMC algorithm can be described in the following steps:

1. Start with arbitrary topology, branch lengths, and evolutionary model parameters (τ , b, θ

).

2. Iterate the following steps:

• Using NNI, SPR, or TBR as tree rearrangement algorithms, make a change to the

tree by generating new trees through the neighborhood of the current tree. Note that

branch lengths b may also be changed in this step.

• Make changes in branch lengths b.

• Make changes in substitution parameters θ .

• After any k iteration, record the values of τ , b, and θ to the disk to sample the chain.

3. After the run termination, make a summary of the results.

If the MCMC iteration were long enough, the equilibrium distribution of states in the

chain would be an excellent approximation to the posterior distribution [63].

2.2 Detection of recombination events in bacterial genomes

Homologous recombination (HR) detection methods can be categorized according to

what they accomplish [75]:

1. Revealing the presence of recombination in the alignment of sequences

2. Detecting the mosaic pattern behind the sequences
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3. Identifying breakpoint positions

4. Estimating recombination rates [1]

Detecting the mosaic pattern behind sequences and identifying breakpoint positions

are typically accomplished by uncovering distinguishable local similarities from a subset of

aligned sequences [1]; these HR detection methods may also be advanced by finding particular

sites responsible for phylogenetic incongruences. Population genetics fundamentals and phylo-

genetic analysis make it possible to estimate recombination rates [1]. All of these HR detection

methods usually reveal the presence of recombination in the alignment of sequences.

When characterizing recombination detection methods statistically, we can divide them

into parametric and non-parametric approaches [1]. Parametric approaches estimate population

parameters through a sample based on a coalescent theory. The alternate approach relies on

non-parametric statistics deduced from sequence alignments and/or tree topology [1].

Reconstructing ancestral recombination graphs (ARGs) form a distinct category that

incorporates components from all the methods cited above and represents individual recombi-

nation events supported by population statistics.

Non-parametric approaches can be broken down into five algorithmic subsets as fol-

lows:

• Similarity approaches: To uncover gene conversion, these methods explore anomalous

identity in variable pieces of the genome [76].

• Distance approaches: These methods use a sliding window technique to identify local

differences between genomes [77]; for example, RDP4 [78]/RDP5 [79].
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• Compatibility approaches: These methods employ phylogenetic signals of each align-

ment site and do not need the phylogeny itself [80], [81]; for example, ptACR [81].

• Substitution distribution approaches: These methods categorize sequences using sim-

ilar substitution properties patterns and their comparison with the estimated model distri-

bution parameters [82]; for example, BratNextGen [83], fastGEAR [84], HREfinder [85].

• Phylogenetic approaches: These methods are founded on differences between phyloge-

netic trees and are the class most relevant to this thesis [86], [87].

2.2.1 Phylogenetic-based recombination detection methods

One of the valuable strategies to detect recombination events is phylogenetic networks.

As mentioned in Chapter 1, recombination events were conducted to intermix between evolu-

tionally distant organisms, and therefore, a conventional inference of the tree could not reflect

the true phylogenesis. Phylogenetic networks could suitably visualize genetic exchange and be

divided into explicit and implicit [88]. Explicit networks are most attractive because of their in-

terpretability, and they include information about ancestors and recombinants. Although, they

are computationally expensive since many recombination events do not emit strong signals to

differentiate them from mutations, especially when their targets are conservative genes [89].

Conversely, implicit networks depict the most inconsistent clades where tree topology is af-

fected. These networks could illustrate alternative evolutionary scenarios which can verify

with other procedures. When potential signals are discovered, detecting breakpoints and re-

combinant sequences become feasible.

The other exciting class of phylogenetic mechanisms is clonal models [20], [87], [90],

[91]. These methods monitor for whole-genome sequences and then reconstruct phylogeny
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employing conservative positions within housekeeping genes. Those genes define a clonal

frame conducting genuine relationships between different clonal groups.

Currently, popular existing methods that consider recombination in phylogenetic tree

construction include ClonalFrame [90] and ClonalFrameML [91], ClonalOrigin [20], Gub-

bins [87], and Bacter [53]. These methods have used the concept of a "clonal frame" [92] for

each tree branch, the portion of the genome that has not changed due to recombination.

Since our new method in this thesis belongs to the clonal category, in the rest of this

section, we include an overview of the most well-known tools of this group:

2.2.1.1 ClonalFrame and ClonalFrameML

ClonalFrame [90], implemented by a Bayesian Monte Carlo Markov chain (MCMC),

performs phylogenetic inference based on the point mutations in the clonal frame. At the

same time, identify recombinations as contiguous sites with a meaningfully high density of

polymorphisms. This method assumes that recombination events occur with a novel, constant

and unknown rate of substitutions in the contiguous region of the sequence; however, the origins

of these events are not modeled, and for this reason, it often underestimates the number of

recombination events that have happened.

ClonalFrameML [91] is the maximum likelihood version of ClonalFrame. At the same

time, this new software has not been limited by MCMC convergence issues and is much faster

in analyzing much larger genomic sequences. ClonalFrameML (CFML) employs an initial

phylogenetic tree and computes the probability of encountering recombination for each loci

utilizing maximum likelihood. The input of CFML is an alignment of bacterial sequences in

FASTA format and an initial phylogenetic tree. This initial tree is usually inferred using fast

maximum likelihood methods such as IQ-TREE [93], [94], which do not consider recombi-
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nation. The first step in CFML is to reconstruct ancestral sequences for internal nodes of the

initial tree and any missing base in the alignments. Recombination parameters and branch

lengths of the clonal tree are estimated using the Baum-Welch [95] algorithm, a particular case

of the expectation-maximization algorithm. Each site’s clonal/recombination status is inferred

using the Viterbi algorithm [96], [97]. The authors use the bootstrapping method to quantify

the uncertainty of the parameters.

2.2.1.2 ClonalOrigin

ClonalOrigin [20] is similar to ClonalFrame, and the only difference is that the model

explicitly incorporates each recombination’s origin as a point on the clonal tree. It makes the

recombination detection process in ClonalOrigin more accurate than ClonalFrame from the

ancestral recombination graph (ARG) model. It assumes that the ARG is a tree-based network,

and the clonal frame is its base tree. Similar to ClonalFrame and ClonalFrameML, the rate

of mutation and recombination are considered constant throughout the genome that may not

always be appropriate.

2.2.1.3 Gubbins

Gubbins [87] is an algorithm that uses an iterative process to detect horizontal sequence

transfer in a bacterial genome and simultaneously reconstruct a maximum likelihood phylogeny

based on the point mutations on the clonal frame. The regions containing high densities of base

substitutions are considered recombinant regions. The underlying mechanism of recombination

is not essential for Gubbins. It detects the potential recombination regions in large datasets of

bacterial genomes and eliminates those SNPs (single nucleotide polymorphisms) from align-

ments to reconstruct a more accurate phylogenetic. Although, it was observed that removing
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recombining sites exacerbates branch length distortion [54].

Gubbins demonstrates an increased substitution rate among ML-tree branches. The

input is alignment in FASTA format. It can detect Recent and ancestral events [75].

2.2.1.4 Bacter

Bacter [53] is based on the model implemented in ClonalOrigin [20]. It also recon-

structs ARGs and utilizes a novel Bayesian Monte Carlo Markov chain (MCMC) algorithm

to simultaneously infer evolutionary relationships, homologous gene conversion, and overall

conversion rate. Bacter is based on the single-step process that enhances detection accuracy

and decreases the uncertainty if the phylogenetic signal is poor. The authors show that Bacter

uncovers gene flow between pathogenic and non-pathogenic E-coli serotype O157 represen-

tatives, previously undetected [53]. Since Bacter is implemented in BEAST2, one can build

complex models, although it tends to be too computationally demanding for large genomic

datasets. The limitation of this tool is because of many parameters to be optimized and insuffi-

cient throughput [75].

2.3 Summary

Standard phylogenetic tree inference methods (regardless of their class, i,e, distance-

based or statistical categories and maximum-likelihood or Bayesian approaches) assumed that

all sites of multiple sequence alignment have a uniform evolutionary pattern. In contrast, the

evolutionary history of bacteria has shown something else. HR and horizontal gene transfer

have complicated their evolutionary history, so some standard assumptions in phylogenetic

reconstruction are invalidated [52]. Regarding the evolutionary view, recombination events

in the bacterial genome provide a rich phylogenetic signal that can be used in detecting and
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modifying the phylogenetic tree inference [53].

We reviewed conventional approaches in phylogenetic reconstruction in this chapter.

Many efficient and fast tools have been developed based on these methods, which can ap-

ply to extensive datasets, such as Raxml-Ng [98], IQ-TREE [93], [94], and Physher [99]

(ML approach), Beast [100], and MrBayse [101](Bayesian approach), UShER [102] and MP-

Boot [103](maximum parsimony).

However, none of these methods can provide an authentic tree in bacterial sequences

due to the recombination events. Therefore, studying alternative approaches that can tackle the

problem of inaccurate phylogenetic reconstruction in this organism is exciting and essential.

We reviewed the latest and most state-of-the-art tools in this scope. Although, some of them

assume low recombination rates, such that a significant part of a genome is considered clonal,

which has not been under recombination. But this is not true for some bacteria: e.g., in E. coli

strains, very few contigs larger than a few kb have not been impacted by recombination [75].

Therefore, developing a new tool that can answer the different dimensions of the recombination

problem in bacteria is necessary. This tool should discover recombination boundaries and still

infer a reliable clonal tree even if the recombination rate is high. The next chapter introduces a

new tool that addresses these issues.
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CHAPTER THREE
RESEARCH METHODOLOGY: PHILOBACTER

The main goal of this chapter is to introduce a new tool, PhiloBacter, which detects

homologous recombinations in the whole genome of bacteria and reconstructs an authentic

tree. The organization of this chapter is as follows. Section 3.1 introduces Hidden Markov

Models (HMM), and reviews critical problems that could be addressed through their practical

application. In Section 3.2, Incorporating Sequence Uncertainty in Phylogenetic Inference is

presented. In Section 3.3, PhiloBacter is explained in detail. Finally, we briefly summarize the

contents of this chapter in section 3.4.

3.1 Introduction to HMM

Hidden Markov Models (HMM) are functional and well-known statistical models which

first found application in speech recognition [104]. HMM is based on a graphical model, often

applied to predict a sequence of unobservable (hidden or latent) states using a set of observ-

able variables. So far, many research communities have applied this modeling technique to

understand real-world data as diverse as the weather, text documents, and time series data in

the stock market. Over the last two decades, bioinformatic problems have also been success-

fully approached using HMMs, including multiple sequence alignmentt [105], [106], trimming

and gene annotation, searching in genomic databases and gene discovery [107], prediction of

bacterial lipoproteins [108], prediction of cell-wall sorting signals [109], prediction of protein

secondary structure [110] and prediction of transmembrane protein topology [111].

Felsenstein and Churchill have significantly contributed to phylogenetics by introduc-

ing Hidden Markov Models (HMM) [112]. They successfully constructed a robust theoret-
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ical framework and devised computational methods tailored to estimate the likelihood of a

phylogeny. Their unique approach incorporated evolutionary rates based on the principles of

HMM, which proved instrumental in advancing our understanding of genetic evolution.

Furthermore, the work of Boussau and colleagues is noteworthy in the use of phylo-

genetic Hidden Markov Models (HMM) [113]. They ingeniously applied this tool to identify

recombination breakpoints within alignments subject to homologous recombination. Their in-

novative method involved an exhaustive search for varying evolutionary histories within the

alignment. This comprehensive approach illuminated the occurrence and nature of recombi-

nation events, thus providing crucial insights into the complex mechanisms underlying genetic

variation and evolution.

To explain HMMs in detail, an overview of Markov models is essential, as the hidden

states behave as a Markov process.

3.1.1 Basic Understanding of Markov Model

Markov processes or chains are random processes in discrete or continuous time; they

are memoryless, which means the next event is influenced only by the present event and not

by any other older events. Indeed, the behavior of the chain in the past does not play any role

in the behavior of the process in the future. This is known as the Markov property. From

a mathematical perspective, the probability of an event at step t will be determined by step

t−1. Expressed another way, the probability of s(t) given s(t−1), that is p(s(t)|s(t−1)). This

model is called the first-order Markov model, which includes a sequence of stochastic variables

X1,X2,X3, . . . that have the Markov property, that is:

Pr(Xt+1 = x | X1 = x1,X2 = x2, . . . ,Xn = xt) = Pr(Xt+1 = x | Xt = xt)
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Figure 3.1 Representation of a Markov Chain with two states: This shows a Markov Chain
with states S0 and S1, and the arrows indicate the probability of departing from one state to the

other state or remaining the same [114]

A Markov chain is characterized by a state space; initial states, which are the probability

distribution of starting at each state; and a transition probability matrix. Each element Pi j of a

transition probability matrix represents the probability of departing from state i to state j. The

dimension of a transition matrix is M×M where M is the cardinality of the state space. A

transition matrix or stochastic matrix satisfies the constraint ∑
M
j=1 Pi j = 1. That is, the row sum

of the probability matrix must equal 1.

P =



P1,1 P1,2 · · · P1, j · · · P1,M

P2,1 P2,2 · · · P2, j · · · P2,M

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

Pi,1 Pi,2 · · · Pi, j · · · Pi,M

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

PM,1 PM,2 · · · PM, j · · · PM,M


A Markov chain can be depicted graphically using a weighted directed graph. An exam-

ple of a two-state Markov chain with state space S = {S0,S1} is shown in Figure 3.1. The value

of each edge of this graph shows the transition probability from one node (state) to another.

The corresponding transition matrix is defined as:
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P =

P1,1 P1,2

P2,1 P2,2


Markov models mainly illustrate stochastic systems, such as weather patterns. In a

Markov process, every state is observable or visible.

3.1.2 Hidden Markov Model (HMM)

A Hidden Markov Model (HMM) is a Markov process, but the states are unknown

here. An HMM is sometimes known as a "doubly-embedded stochastic process", having two

stochastic processes: hidden and observed. The former process consists of hidden states that

are not straightforwardly observable; the latter consists of the visible process of observable

symbols. The underlying hidden state process drives the visible process. While observed states

can be regarded as a noisy module of the system states of interest, in most cases they are

insufficient to characterize the state accurately. Both visible and latent variables in an HMM

may be discrete or continuous. A HMM consists of the following five components:

1. Hidden State Sequence:

A hidden state sequence X = X1,X2, ...,XT where Xi is drawn from the state space S =

{S1,S2, ...,SM}. These sets can be symbols, tags, or labels describing anything, like the

gene type.

2. Observation sequence:

The data is a sequence of observations O = O1,O2, ...,OT drawn from a set of possible

observations N, that is Oi ∈ N for all i. Each observation depends only on the hidden

state that generated it. It should be noted that the identical observation sequence can

be emitted from different hidden state sequences. In addition, the observation sequence
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should have at least one symbol but could have any length; also, the observation sequence

can’t have any gaps and should be continuous.

3. Start Probability:

A start probability distribution π = π1,π2, . . . ,πM where πi = p(X1 = i) is the probability

that the Markov chain will start in state i. Since it is a probability distribution we have

∑
M
i=1 πi = 1.

4. Transition Probability:

The transition probability is the probability of jumping from one state to another state.

These probabilities are defined within a transition matrix A = (ai j) of dimension M×M.

ai j is the probability of moving from state i to j at time step t +1. That is

ai j = p(Xt+1 = j|Xt = i).

5. Emission Probability:

The emission probabilities point to the association between the hidden states in the model

and the input data, that is, the sequence of observations. Emission probabilities are the

probability of an emission (observation) precisely expressing the latent state of the model

for that particular state transition. In other words, a sequence of observation likelihoods

that expresses the probability of an observation ot being produced from a state si.

The observation probability matrix B = b j(k) has dimension N×M and each element

represents the probability of emitting observation k given hidden state j. That is

b j(k) = p(Ot = k|Xt = j).
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Figure 3.2 A graphical representation of an HMM

HMM, parameters are commonly described by λ , with λ = (A,B,π) = (Transition prob-

ability, Emission Probability, Start Probability).

The joint likelihood of a particular observation sequence O = O1,O2, ...,OT and a state

sequence X = (X1,X2, ...,XT ) can be directly computed as:

p(X ,O|π,A,B) = πX1bX1(O1)aX1,X2bX2(O2) . . .aXT−1,XT bXT (OT ).

3.1.3 What kind of problems can be resolved through the Hidden Markov Model?

Three critical questions are often answered by HMM theory, given observation se-

quences O = O1,O2, ...,OT , and the model λ = (A,B,π). These are:

Decoding Problem The aim of the decoding problem is to estimate the optimum hidden

state for HMMs using the Viterbi and posterior algorithms. The Viterbi algorithm calculates

the maximum probability path (with the output a path that is a sequence of states), known as the

Viterbi path, using a dynamic programming algorithm. The desirable outcome is to calculate

the hidden labels of a sequence with a maximum probability, but it is an NP-hard problem.

The posterior algorithm calculates the most likely state or label of each sequence position and

binds them as a single label. This is fast enough, but there is no guarantee that it will become

consistent with the possible labeling of the sequence because it may not be able to meet the

model’s constraints.
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Evaluation Problem Given a sequence of observations O and an HMM λ = (A,B,π), the

aim is to calculate the model likelihood P(O | λ ) This procedure is based on the summation of

all potential state sequences:

P(O) = ∑
X

P(O | X)P(X)

where the summing over each possible hidden sequences X = X1,X2, ...,XT .

The number of possible hidden sequences for an HMM model where the dimension of

hidden states and the sequence of observations is N, and T respectively, is NT . In a real-world

dataset, where these dimensions are both considerable, NT is enormous, so it’s impossible to

gain the overall observation likelihood by summing an observation likelihood for all latent state

sequences.

These enormous calculations are avoided using a well-organized O(N2T ) algorithm

known as the forward algorithm. Indeed, as the dynamic programming algorithm, the forward

algorithm splits a complex problem into several simpler subproblems, keeping intermediate

values while it accumulates the probability of the input sequence. In practice, it calculates the

observation probability by adding the probabilities of every feasible hidden state path that could

create the observation sequence. It’s efficient because it implicitly folds each path into a single

forward trellis.

Learning Problem When the goal is learning the HMM parameters or the best set of state

transition and emission probabilities (ai j and bi j, respectively), one approach is to maximize

p(O|λ ). Given a set of output sequences, the maximum likelihood estimation of these pa-

rameters can deliver the best sets. This problem has no tractable algorithm as the solution, but

generally, a local maximum likelihood can be estimated using the Forward-Backward or Baum-

Welch algorithm. The Baum–Welch method is a special type of expectation-maximization al-
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gorithm.

The intrinsic uncertainty found in biological data, often attributed to factors such as

sequence heterogeneity and various biological events, underscores the importance of acknowl-

edging recombination events as potential sources of this uncertainty. Consequently, our pri-

mary objective is to directly face and model the uncertainty stemming from recombination in

the context of phylogenetic analyses.

This process begins with comprehensively presenting uncertainty models tailored to

DNA sequences. We aim to thoroughly understand these models and how they encapsulate the

nuances of genetic data. After this, we integrate this uncertainty into the process of phyloge-

netic inference. This involves devising strategies and methods that can incorporate the varying

degrees of uncertainty arising from recombination events, aiming to enrich the accuracy and

reliability of phylogenetic reconstructions.

3.2 Incorporating Sequence Uncertainty in Phylogenetic Inference

Multiple sequence alignment (MSA) is the input of conventional phylogenetic infer-

ence methods. This alignment is deterministic: each position of the MSA holds a letter from a

set of the alphabet representing a nucleotide or amino acid sequence; or a “gap” where there is

missing data, insertion or deletion. This is based on a simplification assumption, whereas un-

certainty usually presents in empirical sequence datasets because of the sequencing technology

employed and related errors. This ambiguity usually arises from sequencing error, inaccurate

read mapping, and alignment error but can also be from the natural level of heterogeneity of

the sequences. Researchers typically use purifying methods to decrease sequence ambiguity,

for example, by discarding low-quality reads or poor-confidence segments in alignment [115],

[116]. Such refining could also dismiss helpful information, so it becomes controversial for
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datasets with similar sequences or a high rate of erroneous sequences [117].

Phylogenetic inference methods and evolution models propose a simple way to integrate

sequence data uncertainty. Incorporating IUPAC ambiguity code [118] is the simplest model of

uncertainty specification, which can convert nucleotides to other symbols at the same alignment

position. For example, character R corresponds to A or G. Most phylogenetic programs support

IUPAC degenerate codes. Felsenstein [119] presented a more sophisticated way of modeling

sequence uncertainty, which assumes a fixed error rate. Parker et al. [120] proposed a Bayesian

Markov-Chain Monte Carlo to consider uncertainty emerging from phylogenetic error. Kuhner

and McGill [121] investigated Felsenstein’s model on simulated datasets. Assuming a constant

error rate, they concluded that error rate models improve branch length estimates.

In DNA-based maximum likelihood algorithms, each tip at each site is associated with

a probability vector of dimension 4, where each element represents the probability to be a

particular base. This thesis assumes that the first element corresponds to A, followed by C, G

and T. For example, when there is no error, and A (Adenine nucleotide acid) has been observed,

the tip value would be (1,0,0,0), which means a probability of 1 (deterministic) for A and

a probability of 0 for C, G, and T. These vectors are known as tip partial, and are needed

to initialize the recursion in the Felsenstein’s peeling algorithm [59], computing probabilities

from the tips upward to the root. It should be noted that each of these four values illustrates

the probability of the observation of different nucleotide acids A, C, G and T. Therefore, their

sum shouldn’t be equal to 1. To represent any completely uninformative position, such as gaps

or missing data, all values in the tip partial vector are set to 1. These partial vectors can easily

account for degenerate codes such as R, for which the partial vector would be (1,1,0,0).
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3.2.1 Uncertainty models in DNA sequences

Three error models have been previously described.

1. UFE: UniForm Error

The UniForm error model (UFE) is the simplest sequencing error model, assuming a sin-

gle error rate, ε , shared across sequences and positions [119], [121]. For example, where

the true base is A, the probability of observing A would be 1− ε , and the probability of

observing each of C, G, or T, defined by alignment row i ∈ [1,n] and column j ∈ [1,m],

given the observed state Si j is ε/3. For n sequences of length m, the likelihood of having

an actual state x∈ {A,C,G,T} at the alignment row i∈ [1,n] and column j ∈ [1,m], when

the observed state Si j is

Li j(x) = P(Si j = y|x,ε) =

{
1− ε if x = y

ε/3 otherwise

2. PSE: Position-Specific Error

The position-specific error model (PSE) is an extension of the UFE model, in which

error rates are variable across sequences and sites. In other words, every single site at

alignment row i∈ [1,n] and column j ∈ [1,m] is allocated a specific error rate εi j . Hence,

the likelihood calculation is as follows [122]:

Li j(x) = P(Si j = y|x,εi j) =

{
1− εi j if x = y

εi j/3 otherwise

3. PSL: explicit Per-State Likelihoods

In some frameworks, the upstream software provides per-state likelihoods at every align-
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ment position (for example, variant-calling tools such as GATK [123]). As a result,

per-position and per-state likelihoods can be initialized directly by the values presented

in the corresponding input file [122]:

Li j(x) = P(Si jx)

where Si jx is the likelihood of state x∈ {A,C,G,T} at alignment row i∈ [1,n] and column

j ∈ [1,m].

RAxML-NG supports UFE and PSL error models [122].

3.3 PhiloBacter: A new tool to infer phylogenetic trees from recombinant bacterial

genomes

3.3.1 Overview

When there is an alignment of the bacterial genome as a set of observed sequences

O = O1,O2, ...,OT , it is known that there are hidden states behind the alignment. This presents

two challenges: firstly, how to tune the HMM parameters (A,B,π) to find hidden states; and

secondly, how to utilize the hidden patterns for tree inference. PhiloBacter resolves this prob-

lem in two steps:

1. Recombination Estimation

2. Phylogenetic inference in the presence of recombination

The only input required by PhiloBacter is an alignment of the bacterial DNA sequences.

Detecting recombination is the first step and can be accomplished using one of the existing stan-
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dard methods, such as IQ-TREE [93], [94] or RAxML [124]. This will reconstruct a phyloge-

netic tree based on the input alignment; this tree is called an uncorrected tree. An HMM is then

employed to find the location and other properties of recombination events in the sequences.

The second step is reconstructing a new tree with approximately correct branch lengths.

The output from step one is utilized to reconstruct a corrected phylogenetic tree, one which

accounts for recombination. These two general steps of PhiloBacter are shown in Figure 3.3.

Figure 3.3 Overview of the PhiloBacter process, illustrating (Step 1) estimation of
recombination events and (Step 2) phylogenetic inference accounting for the presence of

recombination.

3.3.2 Step one: Recombination Estimation

3.3.2.1 Description of algorithm

Let O denote the aligned sequence data, which consists of the N genotypes with total

length L and On j denote the nucleotide of jth site j ∈ {1, ...,L} in multiple alignments of nth

lineage. The first goal is to extract hidden mosaic patterns in the alignment.

It is assumed that there are hidden states behind the observed alignment, expressing
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whether each nucleotide is in the recombination part on the branch above each node of the

genealogy or not. This combination of observed sequences and hidden states lends itself to the

application of an HMM, to learn about the unobservable states which depend on the alignment.

Therefore, each state On j is described as having two states: Recombination and Clonal Frame.

Recombination refers to the area that contains foreign DNA; while the Clonal Frame is that

part of the genome that has not undergone recombination, the core part of the bacterial genome

sequence.

Figure 3.4 Schematic representation of the PhiloBacter HMM framework. This model
encompasses five core components: (1) Hidden State Sequence, (2) Start Probability, (3)

Transition Probability, (4) Emission Probability, and (5) Observation Sequence,

This novel parametric probabilistic framework activates HMMs to detect recombination

and clonal frame segments in an alignment. A new HMM that benefits from having position-

specific emission probabilities for modeling several trees with the various branch lengths un-

derlying the genome is proposed. The Baum welch algorithm approximates the parameters of

the HMM transition distributions. Figure 3.4 is a schematic view of HMM for PhiloBacter. The

details of the different components of this HMM model are:
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Two hidden states of HMM: It is assumed that recombination makes a high level of poly-

morphism at each branch, providing enough information to differentiate the recombined regions

from the clonal ones. Therefore, this HMM has two distinct possible hidden states. The first

state still represents the clonal tree, and the second indicates recombination events that hap-

pened on every branch, regardless of the effect of its neighbor branches. Figure 3.5 shows a

graphical tree view of these two states, with the target node highlighted in red; the second tree

displays a very long branch above the target node, indicating a recombination signal.

Figure 3.5 Illustration of the bi-state HMM approach utilized in this study for recombination
state identification. The red node exemplifies a target node, highlighting the hypothesis that

recombination amplifies polymorphism within each branch, subsequently elongating it.

Initial probabilities: Each state of the HMM requires the adoption of an initial probability.

The influence of start probability is rendered insignificant by the sizable length of the bacterial

DNA sequence, making it feasible to assign a uniform distribution.

Observations: As discussed in section 3.2, in a standard DNA-based maximum likelihood

algorithm, the tip partial holds the probability of the observed sequence, and Felsenstein’s

peeling algorithm [59] uses the tip partials to calculate the partial likelihood for internal nodes.
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It implies that we can define a partial probability for all tree nodes. So we have a vector with

1×4 dimensions for every node in each locus, and we have a matrix of (2×N−2)× (L×4)

size for a given alignment with length L for N taxa, where (2×N− 2) is the total number of

nodes of an unrooted tree. The elements of this matrix for leaves include 0 and 1. In contrast,

for internal nodes, these values would be a decimal number between zero and one to show

the probability of the estimated sequence for the extinct organisms. An individual HMM is

employed for each tree branch (above a target node) to evaluate recombination loci, where the

specific input (observation) for each HMM model is the partial likelihood for the target node.

Therefore, the dimension of the observation matrix for each individual HMM model is (L×4).

Figure 3.6 illustrates an example of the HMM model observation matrix for three different

nodes, including two external nodes (nodes a and b) and one internal node (node g).

Figure 3.6 Example of the HMM model observation for three different nodes, including
external and internal nodes.

Emission probabilities: The emission probabilities outlined in section 3.1.2 point to the re-

lationship between the hidden states in the model and the sequence of observations. These

probabilities are the probability of observable data addressing the hidden state of the model for

the particular state transition. As a result, calculating per-site likelihoods for both the clonal

tree and recombination tree of the hidden state can be taken as the emission probability of the

HMM model. As mentioned above, the recombinant tree has a long branch above the target

47



node, beginning with selecting a height parameter. The substitution rate of DNA imported by

recombination, ν , fits this criterion but needs to be estimated.

As we mentioned in section 3.1.2, the emission probabilities point to the relation be-

tween the hidden states in the model and the sequence of observations. These probabilities

are the probability of observable data addressing the hidden state of the model for the par-

ticular state transition. As a result, if we calculate per-site likelihoods for our hidden state’s

trees (clonal tree and recombination), those would be taken as the emission probability of our

HMM model. Since we mentioned above that the recombinant tree has a long branch above the

target node, the main question is how I can construct the recombinant tree. To put it simply,

what parameter reveals how height is enough for the chosen branch? The answer is ν ; it’s the

substitution rate of DNA imported by recombination. We need to estimate it.

The likelihood function is the conditional probability of the sequence alignment O given

the parameters Pr[O|θ ], which θ may include the branch lengths (b), the parameters of the

substitution model and the tree topology (τ):

L(O j|θ) = Pr[O j|b,m,τ]

= Pr( jth column of the alignment | branch lengths, substitution model parameters, tree

topology)

Hence, the per-site likelihood for the descendant sequences is defined conditionally on

the branch lengths. Because the parameters of the substitution model and tree topology would

be similar for the two hidden states, they are omitted in the following equation:
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Pr(O j|b,νi,H j) =


Pr(O j|b−i,bi +νi), if H j = R

Pr(O j | b), otherwise

where bi is the branch under investigation and b−i is a vector of branches b without element

bi. and νi is the substitution rate of the imported segment as recombination. It should be noted

that we assumed different values of ν for each branch.

The optimal value for ν must be estimated for each branch; approximating this value

would convert the problem to a standard optimization problem, where the objective function

is forward probability. Since the problem incorporates a scalar function and one variable to

estimate, the SciPy [125] library offers an efficient tool to solve it. SciPy is a package of

numerical procedures for the Python programming language that presents infrastructure blocks

for modeling and solving scientific problems. SciPy provides algorithms for optimization,

integration, eigenvalue problems, algebraic equations, differential equations, and so on. Some

constraints can be tuned to avoid considering irrelevant values to ν .

Transition probabilities: In general, when k are hidden states in the HMM model, a K×K

transition probabilities matrix needs to be specified to represent the probability of moving from

state i to state j. See the following transition probability definitions for two states of HMM:

Pr(Hi|H j) =



α Hi =C and H j = R

1−α Hi =C and H j =C

β Hi = R and H j =C

1−β Hi = R and H j = R

(3.1)
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Where Hi and H j are shown as the hidden states, α is the probability of moving from

the clonal state when the previous observation has been in the recombination state, and β is the

probability of moving from recombination state to clonal one.

Since the recombination rate is unknown and varies between different datasets, it is

necessary to learn about it based on the aligned sequences for each branch of the HMM model

to be able to construct the transition probabilities matrix. The Baum-Welch algorithm [95] is

an appropriate tool to approximate the transition probabilities. It utilizes the forward-backward

algorithm to calculate the statistics for the expectation phase, facilitating the computation of

the posterior marginals of all hidden states to calculate the transition probability. Procedures 1

and 2 are the pseudocode of the forward and backward algorithms. Emission probability has

already been calculated another way (as described above); thus, there is no need to recalculate

this probability. As Procedure 3 shows, the forward and backward algorithms have been used

to compute the probability transition from state i to state j. Different transition probabilities

are now offered for each tree branch.

Procedure 1: Forward procedure
1 Procedure Forward(trans, emission, InitialProbabilities) is

/* trans is an initial guess for transition probability, emission
is the emission probability matrix of HMM model */

2 α(1) = InitialProbabilities * emission(1)
3 for t = 2,3, ...,L do

// L is the length of alignment

4

5 α(t) = emission(t)∗∑
n
j=1 α(t−1)∗ trans j // n is number of hidden

states

6

7 end
8 return α

9 end

In addition, It should be noted that based on this transition probability, it’s possible to

calculate the recombination rate based on the following equation, which has been presented in
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the ClonalFrameML paper [91].

Pr(Hi|H j) =



e−d jkM R
θ H j =U and HK =U

1− e−d jkM R
θ H j =U and Hk = I

1− e−d jk/δ H j = I and Hk =U

e−d jk/δ H j = I and Hk = I

(3.2)

Having calculated transition probability, the first and fourth elements can be put equal

to the first and fourth equations of matrix number 3.2, allowing those equations to be solved.

In this way, the values of R
θ

and δ can be calculated. Although the δ value does not need to be

estimated in this way because PhiloBacter can detect recombination boundaries, the beautiful

point is that the δ value computed in this manner is remarkably close to the length seen by

PhiloBacter.

Procedure 2: Backward procedure
1 Procedure Backward(trans, emission) is

/* trans is an initial guess for transition probability, emission
is the emission probability matrix of HMM model */

// L is the length of alignment

2

3 β (L) = [1,1]
4 for t = L−1, ..,2,1 do
5 β (t) = ∑

n
j=1 β (t +1)∗ trans j ∗ emission(t +1) // n is number of

hidden states

6

7 end
8 return β

9 end
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Procedure 3: Update procedure
1 Procedure Update(trans, emission , InitialProbabilities , iter = n) is
2 for n = 1, .., iter do
3 α = Forward(trans, emission, InitialProbabilities)
4 β = Backward(trans, emission)
5 for t = 1, ..,L do
6 γ(t) = αi(t) * βi(t) / ∑

n
j=1 α j(t)∗β j(t)

// i and j represent the observation state at times t and

t+1.

7 numerator = αi(t)∗ transi j ∗β j(t +1)∗ emission(t +1)
8 denominator = ∑

n
k=1 ∑

n
w=1 αk(t)∗ transkw ∗βw(t +1)∗ emissionw(t +1)

9 ξi j = numerator/denominator
10 end
11 trans = ∑

L−1
t=1 ξi j(t)/∑

L−1
t=1 γi(t)

12 end
13 return trans
14 end

3.3.2.2 Lesson learned

Like all problems in the research world, the described approaches have certainly not

been developed as a first solution. Other methods that did not lead to the correct answer for

this problem or were not efficient or optimal have also been examined. In the following, some

of these approaches are outlined.

Four states HMM: There is an assumption that the level of polymorphism at the branches

above and the bottom of each non-root node gives us some signal to detect the hidden states.

Therefore, it is possible to consider each non-root node in the initial tree as a target node,

with, cr and cl denoting the children (right child and left child) of the target and p denoting

the parent. Under this assumption, a model with four states can be considered. State one

indicates a clonal state, which means the current phylogenetic tree with current topology and

branch lengths could reflect the evolutionary pattern of that alignment position. State two

represents recombination events on the branch between the target node and cr. State 3 and
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state 4 also illustrate the recombined state on the branches between the target node and node

cl , target node, and node p, respectively. As I mentioned, the corresponding branch length in

recombination events is much longer than in the clonal state.

Figure 3.7 Depiction of the Four-State HMM framework. The red node serves as a
representative example of the target node within the model. State 1 shows ClonalFrame,

which didn’t undergo any recombination.

Figure 3.7 shows a view of the four-state HMM model. As long as there are no simulta-

neous recombination events on the branches above the two sister nodes, this model successfully

reveals recombination events with acceptable accuracy. But since there is no guarantee that con-

current events will not happen on branches above the two sister nodes or even one node and its

parent, it is prudent to investigate models that can detect recombination without exceptions.

Observations: Consider an arbitrary internal node to be a target node. Re-root the tree based

on this node. In such a case, the target node has three children, where it is possible to calculate

the partial likelihood of each child being a tip or non-tip node. Thus, there are three partial

vectors, each with 1×4 dimension. If these three vectors are merged to make a vector with size

1×12, this vector plays the role of observation for each locus. As a result, the total observation

vector for one sequence with length L would be 1×12×L, and the observation for the whole
53



alignment with N taxa has dimensions (2×N− 2) ∗ (L× 12), where (2×N− 2) is the total

number of nodes of an unrooted tree. According to Figure 3.6, if the target node is node g, the

observation vector for the first site is:

Oi = [1,0,0,0,0,0,0,1,0.00174,0.00268,0.00525,0.00952]

Note that the first four values are related to node a, the second four belong to node b,

and the last four represent the partial likelihood of node i.

Eight states HMM: An existing solution to the problem of simultaneous recombination

events on branches connected to the target node is to use a permutation to examine all the

states where the recombination event may occur in these three branches. In this way, eight

states can cover all synchronous and non-synchronous recombination events around a target

node.

The advantage of this approach is that it can identify all simultaneous recombination

events occurring around a node. However, if the depth of the tree is considerable, traversing

from the leaves to the root of the tree results in many branches being examined more than once

to scan for the presence of recombination. So, although this approach can detect almost all

recombination events, it is computationally inefficient and redundant.

Figure 3.8 shows a view of the eight clonal and recombinant trees. The observation

matrix for eight-states-HMM is quite similar to the four-states-HMM. It can be concluded

that the best approach to address recombination events is the two-state HMM model, which

is capable of detecting synchronous and asynchronous events yet is not prone to redundancy.

So far, PhiloBacter has played the role of a recombination detection tool using phylo-

genetic tree signals. One of the exciting features of PhiloBacter is that it is not a deterministic

approach; in contrast, it is based on uncertainty (probability). The output of the first phase is
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probabilistic values. In other words, for each locus in the bacterial genome sequence, there is

a grade indicating the likelihood that this site was recombined or is still clonal. However, the

central part of the problem remains the inference of the tree whose branch lengths are least

impacted by recombination.

Figure 3.8 Eight trees indicate the hidden states of HMM model. The red node serves as a
representative example of the target node within the model. State 1 shows ClonalFrame,

which didn’t undergo any recombination.

3.3.3 Step two: Clonal tree Inference using whole genomes

In the rest of this chapter, two novel strategies for tree inference of recombinant bacterial

genomes are proposed. The probabilistic outputs of the HMM model described in the previous

section are used to reconstruct a tree that accounts for the presence of recombination.

Regular Maximum Likelihood Calculation: As explained in Chapter 2, one of the conven-

tional ways to infer a tree is the maximum likelihood. The details of the approach are described

in the same chapter. Here, Algorithm 4 shows the pseudocode of this approach.
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The input of this algorithm is an alignment of the desired organism, M, includ-

ing evolutionary parameters such as the transition/transversion ratio and base frequencies

(πA,πC,πG,πT ). τ shows the tree topology with its branch lengths as the number of substi-

tutions per site, and P is the transition probability matrix of the evolutionary model. P can be

employed to approximate the expected genetic distance, the branch length, between two se-

quences based on evolutionary models such as GTR or JC69. The alignment is converted to

the tip-partials, and the partial likelihood for internal nodes is calculated with the help of P and

tip-partials and M.

Algorithm 4: Regular ML estimation to Infer Phylogeny
Input: Alignment, M,τ,P
Output: A set of branches length

1 begin
2 Initialization:
3 A = [1,0,0,0]
4 C = [0,1,0,0]
5 G = [0,0,1,0]
6 T = [0,0,0,1]
7 P = PGT R/JC69(brs) // PGT R/JC69 is the transition probability

matrix of the desired evolutionary model. brs points to the

tree branches’ length.

// Calculate ML based on Felsenstine rules

8 Function ML-Calculation(Partial,τ ,M) : double is
9 for node in postorder-iteration do

10 if node is NOT leaf() then
11 partial = employing Felesentian rules using regular tip-partial,P
12 end
13 end
14 return Likelihood
15 end
16 end

3.3.3.1 PhiloBacter: Maximum Likelihood Calculation

So far, no biologically proven evidence suggests that both branches of the phylogenetic

tree have the same evolutionary parameters at any particular locus [126]. This new proposed
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approach involves a simple extension of the Felsenstein [59] pruning algorithm, which makes

it feasible to include a mixture probability transition matrix. The main idea of this approach is

inspired by Kosakovsky et al. [126].

To address the problem of inaccurate branch length due to recombination, the extension

of Felsenstein’s [59] pruning algorithm enables efficient likelihood computations for models

that vary over sites and branches. This development provides an opportunity to model the

process at every branch-site combination as a mixture of two Markov substitution models. It

considers every branch in an individual position as an unobserved state chosen independently

from any other branches.

Let O j denote the nucleotides at site j ∈ {1, ..., l} in the alignment. The likelihood

probability is clearly based on the model of sequence evolution, M, and the tree, τ , with the

branch lengths. In theory, each locus could be allocated its model of evolution.

L(τ,M) = Pr(O j|τ,M)

Given different categories of parameters for each branch site, this probability could be

represented as:

Pr(O j|Mi) =
n

∑
i=1

P(Mi)P(O j|Mi)

Where n is the number of different states, in this scenario, it is two: according to clonal

and recombination states.

In summary, calculating the log-likelihood of a tree includes the following steps:

1. Diagonalise Q. (matrix 2.3 show the Q of the GTR model)
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2. Take the exponential of Qt for all tree branches, where t is the branch length

3. For all loci, utilize equation (2.6) using a post-order traversal of the tree

4. Take the logarithm and sum over sites.

Due to recombination, two Markov models exist for each branch in the bacterial

genome. The posterior probability of the HMM model of the previous section helps in the

construction of those specific Markov models per branch site. Two P can be defined for each

tree branch; then, using the posterior probability of each position of alignment to make the

Pmixture:

P j
i (t) = Pr(H j = C | Oi j)P(t)+Pr(H j = R | Oi j)P(t +νi) (3.3)

Where t is the initial branch length, ν is the substitution rate of DNA imported by

recombination, and P is the transition probability matrix of the Markov Model. The conditional

probability Pr(H j = R or C | Oi j) gives us the posterior value that indicates the information

that each locus on each tree branch can be in recombination or clonal region. In practice, the

recombination probability for each nucleotide injects into the pruning algorithm. And thus,

the final inferred tree has involved recombination regions, and the length of its branches is not

incorrect due to the presence of recombination events. Algorithm 5 shows the pseudocode of

this approach.

3.3.3.2 PhiloBacter: Uncertainty in clonal tree Inference

Section 3.2 was an overview of the uncertainty models in DNA sequences and the rea-

sons for this phenomenon. The leading cause of the uncertainty was related to sequencing

technology. Although, the natural level of heterogeneity of the sequences or other biological
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Algorithm 5: PhiloBacter:ML estimation using Pmixture to Infer Phylogeny
Input: Alignment, M,τ,P , Posterior Probability Matrix, ν ,
Output: A set of corrected branches length accounts for the presence of

recombination events.
1 Initialization:
2 A = [1,0,0,0]
3 C = [0,1,0,0]
4 G = [0,0,1,0]
5 T = [0,0,0,1]
/* P is the transition probability matrix of the desired

evolutionary model, which is time reversible. brs points to the

tree branches’ length. */

6 P = P(brs)
/* The value of ν is different for each branch. */

7 Pν = P(brs+ν)

8 begin
/* Calculate ML using Pmixture */

9 Function ML-Calculation(Partial,τ ,M,ν) : double is
10 for node in postorder-iteration do

/* for all leaves and internal nodes we use Pmixture */

11 Pmixture = (1− posterior)∗P+ posterior ∗Pν

12 partial = employing Pmixture as a transition probability matrix
13 end
14 return Likelihood
15 end
16 end

events could be the other reasons for the uncertainty. This idea was a stimulus to develop a new

approach that considered the recombination events could also model by uncertainty.

PhiloBacter uses a probabilistic approach to look at each alignment site at each branch

by applying an HMM model to estimate the probability. This probability is the chance of

being in recombination or clonal segment for each tree branch at every alignment site. This

probability provides authentic information from which genealogy may be reconstructed in the

presence of recombination. The new approach employs the obtained probability for each locus

to update the partial likelihood of each taxon. It uses a PSE (Position-Specific Error) model to

update the tip partials. In this model of uncertainty, every single site at alignment row i ∈ [1,n]

and column j ∈ [1,m] is allocated a specific error rate εi j. PhiloBacter assumed ε is:
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εi j = Pr(Hi j = R | Oi j)∗νi (3.4)

Pr(Hi j = R | Oi j) value indicates the likelihood of each tree branch locus belonging to

recombination. For the clonal state, it becomes Pr(Hi j = C |Oi j), and νi is the substitution rate

of DNA imported by recombination. Under this model, the probability of reading A, when the

underlying base is A, becomes 1 - εi j, and the probability of reading each of C, G, or T, when

the underlying base is A, becomes εi j/3.

By updating the tip-partials in this manner, it is possible to correct the branches that

lead to the leaves when recombination has occurred in them. But if the recombination events

have happened on the branches of the internal nodes, the updated tip-partials cannot correct the

length of the related branches. So, to correct the middle branches, another procedure is still

needed to incorporate the uncertainty caused by recombination.

Recombination has rarely been known to change the topology of a tree [127]. By in-

ferring the tree based on uncertainty in partial, the possibility to correct the tree’s topology is

provided if the topology has also changed due to the recombination.

This advantage is not limited to the maximum likelihood method for reconstructing the

tree. It is possible to pass the updated tip-partials as input to a tool like Beast [100], [128],

which works using the Bayesian inference.

Equation 3.3 can be used to correct internal branches of the tree that have been affected

by recombination but only for the partial likelihood calculation of the internal nodes. For the

nodes whose children are leaves, it is possible to use the updated tip-partial. The algorithm

shows six pseudocodes related to this approach.
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Algorithm 6: PhiloBacter: Incorporating Uncertainty in ML estimation to Infer
Phylogeny

Input: Alignment,M,τ,P , Posterior Probability Matrix, ν ,
Output: A set of corrected branches length accounts for the presence of

recombination events.
1 Initialization:
2 A = [1,0,0,0]
3 C = [0,1,0,0]
4 G = [0,0,1,0]
5 T = [0,0,0,1]
6 begin

/* Update tipsPartial using HMM posterior probability where

it’s different for each site of alignment */

// The value of ν is different for each branch.

7 NewPartial←
[1− (posterior ∗ν),(posterior ∗ν)/3,(posterior ∗ν)/3,(posterior ∗ν)/3]
// Example of NewPartial:

// A = [0.97,0.99,0.99,0.99]

// C = [0.94,0.98,0.98,0.98]

// G = [0.97,0.99,0.99,0.99]

// T = [0.94,0.98,0.98,0.98]

// Calculate ML using Updated-tipsPartial and Pmixture

8 Function ML-Calculation(NewPartial,τ ,M) : double is
9 for node in postorder-iteration do

10 if node is NOT leaf() then
11 if children of the node are leaf then
12 partial = employing Felesentian rules but using NewPartial
13 end
14 else
15 Pmixture = (1− posterior)∗P+ posterior ∗Pν

16 partial = employing Pmixture as a transition probability matrix
17 end
18 end
19 end
20 return Likelihood
21 end
22 end
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3.4 Summary

This chapter started with an overview of HMM and continued investigating uncer-

tainty models in nucleotide sequences. Subsequently, a new tool called PhiloBacter was in-

troduced, addressing the issue of recombination in the bacterial genome from a probabilistic

angle. PhiloBacter consists of two primary components or parts. The first is able to stand inde-

pendently as a recombination detection tool and is based on the phylogeny signal in the data.

The output of this part includes the boundary of recombination events in the genome, the length

of each event, the recombination rate, and the substitution rate of the recombination segment of

each branch. This part of PhiloBacter determines a score for each nucleotide in the sequence,

indicating the probability that the nucleotide belongs to the recombination region. The second

part of PhiloBacter deals with the inference of the phylogeny tree in the presence of recombina-

tion in the genome. For this purpose, two new approaches have been introduced. Both use the

output of the first part of PhiloBacter, the probability values assigned to each nucleotide. In the

first approach, for calculating the likelihood, the probability matrices are replaced by mixture

probability matrices which point to the presence of recombination on each branch. In other

words, different evolutionary parameters are used for various sites of one branch. In the second

approach, it is assumed that the recombination can lead to some uncertainty in the genome.

One of the available uncertainty models in DNA sequences has been used to model recombina-

tion events in bacterial genomes. Then the tree inference utilizing the uncertainty is made. As

a result, the effect of recombination on the length of the branches as well as on the topology

of the tree decrease. In chapter five, the results of PhiloBacter on simulated and experimental

datasets will be examined, and the results will be compared with Gubbins and ClonalFrameML

methods. For this reason, it is necessary to introduce a simulation tool, BaciSim, that produces
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the desired simulated data in the next chapter.

Availability The code is available at the GitHub link

(https://github.com/nehlehk/PhiloBacter)
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CHAPTER FOUR
RESEARCH METHODOLOGY: BACISIM

The main goal of this chapter is to introduce a new tool, BaciSim, which simulates the

whole genome of organisms with homologous recombinations in their genome. In Section.4.1,

we talk about simulators and their role in computational biology. In Section 4.2, we have a

quick review of related work in this area. In Section.4.3, BaciSim’s detail is explained. The

discussion will be in Section 4.4.

4.1 Introduction

Computer programs for simulating sequences have traditionally been employed in pop-

ulation genetics. In particular, Simulators are fundamental and challenging tools in computa-

tional evolutionary biology because the evolutionary history of the studied organisms is gen-

erally unknown, and it’s impossible to predict the genetic subsequent of most processes ana-

lytically [129], [130]. Simulators are suitable testbeds for validating newly developed meth-

ods and comparing different algorithms in silicon. The availability of sophisticated and cus-

tomizable simulation software can make simulation an available option for researchers in many

fields [129], [130].

The critical applications of simulations are divided into three groups: predictive, statis-

tical inference and evaluation of statistical evolution algorithms [130].

The advent of new technologies for genome sequencing has led to the generation of

large amounts of genomic data from bacterial populations, increasing the demand for flexible

simulations by which models and hypotheses can be efficiently tested in light of experimental

observations [131]. Nevertheless, very few bacterial population genetic simulators exist, and
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those that do exist do not cover many possible scenarios.

This study needs a simulator to employ all its primary applications. First, to predict

recombination events in the bacteria genome, to statistically infer the phylogenetic tree, and

finally, to evaluate our inferred phylogenetic tree, we need to simulate data whose parameters

are known to us. In practice, a simulator helps us assess an inference method’s accuracy and

efficiency to investigate its ability to extract predefined and known events. We evaluate the

validity of our proposed method (PhiloBacter) using comprehensive simulation datasets and

compare it to the other state-of-the-art related algorithms.

To this aim, we have developed a new simulation, BaciSim, that simulates bacterial

genomes using a specified phylogenetic tree to offer both mutation and recombination events,

like bacterial population structure. BaciSim is suitable for bacterial species whose homolo-

gous recombination plays a significant role in their genome arrangement. Bacillus cereus is an

example of bacteria that can simulate via BaciSim.

Before we describe BaciSim’s details, we review the existing methods and tools recently

developed for bacterial genome simulation.

4.2 Background

In the last decade, some tools have been made to simulate the bacteria genome, each

of which is relatively practical and useful. In general, simulators can be categorized into two

types:

• Coalescent simulation: In the coalescent simulator, also known as backwards-in-time,

the starting point is the current population. The simulation’s direction is backward

in time and coalesces individuals together until their most recent common ancestor is

found [132], [133].
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• Forward simulation: As the name of these simulators suggests (also named individual-

based simulation), the direction of simulation is forward; i.e., they maintain a population

of individuals and simulate the next generation by sampling the current one and moving

forward in the same way over time [132], [133].

Coalescent simulators are generally faster than forwarding simulators because they only

consider the current population, but the forward one provides more flexibility in the model

definition.

SimBac [132] implements an efficient coalescent-based tool for simulating the whole

bacterial genome and has a general model of bacterial recombination that allows the user to

define the recombination rate.

FastSimBac [133] estimates the coalescent with the bacterial sequential Markov coales-

cent (BSMC). It is based on the SMC [134], [135] idea, models the clonal frame, and simulates

the coalescent and recombination processes along the genome dependent on the clonal geneal-

ogy.

MSPro [136] is a coalescent-based simulator that is memory-efficient and fast enough

but can only model a limited range of evolutionary models.

CoreSimul[137] uses a forward-in-time approach that simulates prokaryotes’ genome

with homologous recombination. Simulations are driven by a phylogenetic tree and include

different substitution models and codons selection.

SLiM [138] includes two types: Wright-Fisher (WF) models and non-Wright-Fisher

(nonWF) models. The Wright-Fisher model is founded on multiple simplifying hypotheses

that are usually incompatible with realistic ones, like structured populations or overlapping

generations. In contrast, The nonWF framework is individual-based and more realistic. It

provides an opportunity to simulate more scenarios and estimate more parameters. Therefore,
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it gives results for the same scenario for both models to ensure that they conduct similarly.

All these tools can simulate different evolutionary scenarios for bacterial genomes and

are relatively effective and fast. But, to evaluate our method, we need more details about re-

combination events, such as: which internal node has experienced recombination, the exact

location of recombination events, and local trees, especially in the case of external recombi-

nation. Since these tools couldn’t provide all our requirements, we developed a new simula-

tor to meet our goals. Here we present BaciSim, an efficient backward-in-time simulator to

model bacterial genome evolution with homologous recombination along phylogenetic trees

(https://github.com/nehlehk/BaciSim).

4.3 Methods

Regardless of different kinds of recombination (conjugation, transformation, and trans-

duction), prokaryotes and especially bacteria could experience recombination in another aspect:

Internal and external recombination. In the former case, homologous recombination happens

with the lineage of the same species, while in the latter case, the lineage of external species

imports to the genome [136].

This study concentrates on external recombination. Internal recombination is not a

straightforward procedure to detect because it typically does not result in a high level of poly-

morphism but does lead to homoplasy and genetic incompatibility.

In contrast, the main effect of external recombination is increasing polymorphism. The

recombined fragments contain a higher number of substitutions that are not observed in the

clonal frame [91], [136].

The arrival of these external partial sequences to the genome substantially impacts

branch lengths and can also change the tree topology [87]. Indeed, the external species should
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ultimately coalesce with the common ancestor of the clonal frame (on the timescale of species

divergence), which would be much older than the MRCA of the clonal species [136].

Homologous recombination events lead the bacterial genomes to have mosaic evolu-

tionary histories where the single and global tree cannot illustrate the underlying evolutionary

pattern of biological sequences. However, a collection of clonal and local trees which simulates

various evolutionary schemes for every segment of the genomes might represent them better.

Some parts of these local trees have overlapped with the clonal tree to show the vertical descent

of DNA. At the same time, recombination events made the other parts of these trees utterly

different in terms of topology or evolutionary rates [20]. Figure 4.1 show the schematic view

of clonal and local trees.

Figure 4.1 A collection of clonal and local trees which simulates various evolutionary schemes
for every segment of the genomes might represent mosaic evolutionary histories.

4.3.1 Overview of BaciSim Simulator

Hoban et al. [130] suggested a flow diagram of the steps in a simulation study that is

illustrated in Figure 4.2. Our simulator used the concept of clonal and local trees to generate

the mosaic pattern of bacteria sequences. The simulated datasets were produced as described

below:
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Figure 4.2 Overview of simulation studies. A flow diagram of the steps in a simulation
study [130].

• We generate a random tree (τ) of N sample of bacteria under the Kingman’s coalescent

process [139] as a clonal frame tree. However, the user can also provide a custom phylo-

genetic tree to provide the option for simulation of scenarios inferred from real bacterial

populations [140].

• We assume that the recombination rate is ρ/2 on each branch of the clonal tree, and

the sum of branch lengths is T . Therefore the total number (R) of recombination events

based on a Poisson distribution is [20] :
69



R|τ,ρ ∼ Poisson(
ρT
2

)

• We generate R numbers of local trees in which the length of one of the tree branches (the

branch is chosen randomly) due to recombination is much greater than the same branch

in the clonal tree to show the high level of polymorphism. We use a non-uniform nor-

mal random distribution to choose that branch. Indeed, the chances of deeper branches

undergoing recombination are higher than the other branches.

• We also assume that the recombination events are uniformly distributed throughout the

sequence, whereas their length is geometrically distributed with mean δ [20].

• To select the location of the recombination event along the genome, we start from the first

site and randomly select the event’s location and move toward the end of the alignment.

• We use the local and clonal genealogies created in the previous steps as an input to Seq-

gen [141] software to generate the alignment. We used the GTR mutation model to

simulate our target sequences.

4.4 Discussion

We developed a new tool to simulate bacterial genomes with external homologous re-

combination along a phylogenetic tree. This work is the first version of our simulator, which

is somewhat limited, as we only focused on evolutionary parameters related to external recom-

bination events. Even so, our tool has capabilities that other methods do not provide. These

features are required to evaluate recombination detection tools:

1. Clonal tree
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Procedure: BaciSim: Simulation of bacterial genomes with external homolo-
gous recombination

Input: N:genome number, L:genomelen, δ :recomlen, tMRCA, ρ:recomrate, ν

Output: A Clonal tree
A collection of local trees represents different recombination events along the
alignment.
An alignment

1 Initialization:
2 A random tree (τ) of N sample of bacteria under the Kingman’s coalescent
3 R = Poisson(ρT

2 ) // the number of recombination events

4 begin
5 while R > 0 do
6 Select a random edge of the tree and make it longer using ν

7 Set Recombination Length using a geometric distribution with δ mean
8 R = R−1
9 Forget this event and make the new one

10 end
11 Alignment = Seq-gen(Clonal tree, local trees)
12 end

2. Recombination trees

3. Recombination Location (which node and leaves or internal nodes)

4. Recombination Parameters:

a) Recombination rate

b) Substitution rate of DNA imported (ν),

c) tMRCA (time of Most Recent Common Ancestors),

d) Recombination length

5. Graphic Output (Figure 4.3 is an example of the graphic output.)

Forthcoming studies could further investigate variation in the evolutionary scenarios

and different kinds of recombinations. We hope that our simulator can continue to be used to

benchmark novel methods for other organisms than bacteria as well.
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Figure 4.3 An example of the graphic output of BaciSim shows recombination events, their
location and length along the alignment.
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CHAPTER FIVE
RESULTS AND DISCUSSIONS

This chapter aims to demonstrate that our method -PhiloBacter- generates reliable es-

timates of the clonal tree and reasonably identifies recombination regions. In the rest of this

chapter, we first introduce the pipeline, which automates our evaluation and comparison. In

section 5.2, the evaluation metrics have been discussed. In section 5.3, different experiment

result has been shown to evaluate the performance of our new method. Section 5.4 investigates

a real dataset and discusses the results in section 5.5.

5.1 Pipeline introduction

We present two tools in this thesis: PhiloBacter and BaciSim. Although PhiloBacter

consists of two tools, the first can be used independently as a recombination detection tool. To

simplify the usage of these tools, validate their result, and compare them to the other state-of-

the-art methods, a pipeline has been built using Nextflow [142] software.

5.1.1 Installing the pipeline

Here, walk through the steps to install and set up the PhiloBacter pipeline on your

system. Please follow the instructions carefully to ensure successful installation.

5.1.1.1 Prerequisites:

• Make sure you have Git installed on your system.

• Ensure you have Conda installed.
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5.1.1.2 Installation Steps:

• Clone the PhiloBacter repository:

$ git clone https://github.com/nehlehk/PhiloBacter.git

• Navigate to the cloned directory:

$ cd PhiloBacter

• Install Nextflow via Bioconda:

$ conda install -c bioconda nextflow

• Set Up the PhiloBacter Environment: The PhiloBacter pipeline should ideally create its

Conda environment automatically. However, if you face issues or if Nextflow doesn’t

appear to create the environment as expected, you can manually set it up: a. Create the

environment using the provided PhiloBacter.yml file:

$ conda env create -f PhiloBacter.yml

b) b. Activate the environment:

$ conda activate PhiloBacter

The pipeline is now ready to run. The application of this pipeline can be classified into

two modes (Figure 5.1-a). The first mode is for all users who have sequences of a group of

bacteria and are interested to learn about recombination events or want to have an authentic

and reliable phylogenetic tree of those bacteria not impacted by recombination. These users

can choose the analysis mode to use the pipeline.
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5.1.2 Analysis mode

In this case, the pipeline consists of two steps. The first step builds an initial tree from

the sequence using RAxML [124]. In the second step, suppose the user is only looking for

recombination events and their boundaries (by utilizing the step, HMM, mentioned in section

3.3.2) in the genome or, in other words, looks for the mosaic pattern of the genome. In that

case, the pipeline can respond to this request accurately. In addition, the other option is also

available if the user is interested in the phylogeny tree. However, the user does not need to set

any parameters; if one runs the pipeline using the default settings, all the steps will be done

automatically. The bonus capability is that this pipeline is not only specific to PhiloBacter.

This is possible if the user also wants to use two other well-known tools in this field, such as

ClonalFrameML [91] and Gubbins [87] (although Gubbins only needs alignment as input), and

collect the final trees of all three methods. Here is the command to use the pipeline for real

datasets (Figure 5.1-b).

$ ./nextflow main.nf --mode Analysis --seq genome.fasta --method

pb,cfml,gub

"–seq" provides an option to introduce the desired aligned sequence (fast format) to the

pipeline, and "– method" is used to specify the method for the analysis.

Figure 5.1 A schematic view of the pipeline modes. a) shows the pipeline has two modes; b)
shows the steps of the analysis mode.
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5.1.3 Simulation mode

The second mode of the pipeline is specified for experts and developers of recombina-

tion detection tools in bacterial genomes who want to compare different approaches. Also, this

mode helped us to evaluate the performance of PhiloBacter in a structured manner. Users can

choose the simulation mode to use this option. In this case, the pipeline consists of five main

steps. Figure 5.2 shows the schematic view of the pipeline.

• Step 1- Simulation: The first step is to simulate the clonal and local trees. BaciSim was

considered the main simulator. As mentioned in the previous chapter and also seen in

Figure 5.2. The output of this step includes:

– A clonal tree.

– A set of local trees that implies recombination events.

– A comprehensive report of recombination events (the start, end of each event, and

the recombination host node).

– A graphical representation of recombination events showing the length and location

of events along the genome.

• Step 2- Generating Sequences: To generate the alignment, we use the local and clonal

trees created in the last step as input to Seq-Gen [141] software. The default evolution

model is GTR. The user can provide a scaling factor to shrink or expand the branch

lengths of the tree. It’s also possible to provide user-defined base frequencies and substi-

tution rate parameters for the GTR substitution model.

• Step 3- Constructing an initial tree: We have used RAxML [124] to build the initial

tree based on the sequences that are the output of Seq-Gen. However, as we mentioned
76



in Chapter 3, using another tool, such as IQ-Tree [93], is possible instead of RAxML for

this step.

• Step 4- Recombination detection and tree inference: In this step, in addition to

PhiloBacter, Gubbins and CFML tools can be run on the same simulated dataset. The

output of this step is recombination events and tree inference.

• Step 5- Analysis: The last step of the pipeline consists in evaluating recombination

events and phylogenetic tree estimates. Specifically, inferred trees are compared to the

clonal (true) tree. For this purpose, some evaluation metrics are required, which will

explain in the next section.

There are various parameters for data simulation that can be adjusted according to the

user’s requirement, such as genome and recombination length or recombination rate, and time

to the most recent ancestor (tMRCA).

$ ./nextflow main.nf --mode sim --genome 10 --genomelen 100000

--recomlen 500 --tMRCA 0.01 --recomrate 0.01 --nu_sim 0.05

To illustrate the functionality and robustness of our comparison, for this step, we used

not only our simulator (BaciSim) but also we utilized two other well-known simulators: Fast-

Simbac [133] and SimBac [132]. We used different simulation scenarios to quantify the ac-

curacy of our method. In each scenario, we tried to consider the variation of one parameter

while keeping the other parameters fixed. For instance, the effect of recombination length (δ )

is investigated when recombination rate, ν and tMRCA are fixed.

The analysis mode is composed of the third and fourth steps of the simulation mode.
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Figure 5.2 A schematic view of the pipeline. Detailing its five primary stages: (1) Simulation,
(2) Sequence Generation, (3) Initial Tree Construction, (4) Recombination Detection and Tree

Inference, and (5) Analysis.

5.2 Evaluation Metrics

Evaluation metrics play a crucial role in assessing the performance of a new method.

There are a lot of metrics to measure the performance of different statistical models. Standard

criteria often work well for most problems. However, the evaluation criteria should be chosen

to best show the problem’s different dimensions and what is most important about the model.

Since PhiloBacter consists of two relatively different problems, different evaluation

metrics are also required to evaluate each part.

5.2.1 Evaluating Recombination Detection

PhiloBacter recombination detection can be considered either a classification model or

a regression one (machine learning algorithms categories). The simulated data can be regarded

as the actual labels (value), and the estimated results by PhiloBacter consider predictions. An
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acceptable statistical learning method is one where the difference between the actual and esti-

mated values in a given data set is slight. So, we must measure how accurately our estimation

matches the correct data.

5.2.2 PhiloBacter as a regression model

PhiloBacter output for each alignment site is a continuous value, making it possible

to consider it a regression problem. So, we need a metric based on calculating the distance

between the estimated and ground truth. We believe the probability of recombination sites in

simulated data is 1 and clonal sites 0 (our ground truth). There are different metrics to measure

this distance, like Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root Mean

Squared Error (RMSE) which RMSE somehow covers other metrics as well:

RMSE =

√
n

∑
i=1

(zi− yi)2

n

In the current study, zi would be the probability of recombination for the ith position of

the alignment. Where yi (actual value) indicates whether the ith site of the simulated dataset is

recombination or not, also, It should be mentioned that n is the sequence alignment length.

Forasmuch as the RMSE indicates how close the actual data points are to the estimated

values, the smaller value for RMSE is, the better the estimates are.

5.2.3 PhiloBacter as a classification model

As we mentioned in the previous section, the output of PhiloBacter for each alignment

site is a continuous value, which can be converted to zero and one by considering a threshold.

In such a case, we have a classification problem and can use classification metrics to evaluate

the model. The positive point of converting PhiloBacter to classification is that comparing it
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with Gubbins and CFML methods would be more reasonable because the output of those two

methods can only be assigned zero values and one for the recombinant and clonal classes.

Classification models have discrete outputs, so a metric is needed to compare discrete

classes.

Accuracy : The ratio of correct predictions to the total data.

Accuracy =
T P+T N

T P+T N +FP+FN

where TP is the number of true positives, In this thesis, it means the number of identified

recombination sites that are recombination in the simulated data. TN is the number of true

negatives (the number of estimated clonal sites that are indeed clonal sites in the simulated

data). FP is the number of false positives (the number of identified recombination sites that

are clonal in the simulated data). FN is the number of false negatives (the number of identified

clonal areas that are recombination in the simulated data.)

High accuracy often indicates good model performance, but not always, so other metrics

are needed to evaluate the model.

Precision is the ratio of positive cases that were truly identified.

Precision =
T P

T P+FP

Recall is the ratio of real positive cases that are correctly detected.

Recall =
T P

T P+FN
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F1-score : The F1-score metric combines precision and recall. In fact, the F1 score is the

harmonic mean of the two. The formula of the two essentially is:

F1-score = 2× Precision×Recall
Precision+Recall

The higher the F1 score, the higher the prediction power of the classification model.

When F1 is close to 1 means, we have a perfect model.

5.2.4 Evaluating Phylogenetic reconstruction

The typical way to evaluate the performance of the phylogenetic reconstruction algo-

rithm is by calculating the similarity against the correct tree generated by the simulator. Dif-

ferent metrics have been defined to compute the distance between a pair of trees. Metrics are

divided into rooted or unrooted and topological or weighted (using branch lengths). However,

the most critical issue in this thesis is the branch lengths of the inferred tree from the bacterial

genome. Since the final tree in our method is unrooted, here we only describe metrics for the

unrooted trees that also include branch length:

Weighted Robinson-Foulds :

Given two trees, T1 and T2, the Robinson-Foulds (RF) adds the number of partitions

that exist in tree T1 (but not T2) to the number of partitions present in tree T2 (but not T1). This

distance is one of the most popular metrics in tree comparison [143].

The weighted Robinson-Foulds distance is the aggregate of rootward branch lengths for

entire nodes in a clade appearing in only one of the trees. This metric adds the edge length to

the RF metric [143].
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Euclidean distance (Branch score) : The simplest branch score quantifies two trees’ abso-

lute differences in branch lengths [144].

Note: In computing the Euclidean and Robinson–Foulds distances, for the absent

branch, that length would be set to zero; consequently, the difference in the length of that

branch will be maximum.

5.3 Performance Evaluation

This section presents the results of employing PhiloBacter, Gubbins and CFML on

several simulated datasets. The common point of all datasets is that they all consist of 10

genomes, the length of which is 100,000 base pairs. To show the robustness of PhiloBacter

and make a better comparison, we first used BaciSim to simulate the data, and then two other

simulators were utilized.

5.3.1 BaciSim Simulator

5.3.1.1 Investigating different values of ν

In this series of experiments, we used different values of ν between 0.01 and 0.1. The

length of recombination events here is fixed and 500. tMRCA of the clonal genealogy and the

recombination rate is 0.01. And each of these scenarios has been repeated ten times.

Figure 5.3 visually represents the RMSE values for the given datasets. Lower values of

RMSE indicate better predictive power. Essentially, the closer an RMSE value is to zero, the

more effective the predictive model is considered to be.

From the figure, it can be discerned that PhiloBacter relatively consistently yields the

lowest RMSE values across a range of scenarios. This observation suggests that PhiloBacter

exhibits superior predictive performance compared to the other methods tested. Specifically,
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PhiloBacter’s RMSE values remain consistently low for varying parameter ν values, signifying

that it outperforms the competing methods under various circumstances.

Figure 5.3 RMSE for different value of ν of three methods: ClonalFrameML, Gubbins,
PhiloBacter - Number of genome:10 - Alignment length:100K - tMRCA:0.01 -

Recombination length:500

Figures 5.4 and 5.5 present the computed Accuracy and F1-Score values for the datasets

under consideration. These metrics are crucial indicators of a model’s predictive power - the

closer their values are to one, the stronger the model is at prediction.

Figure 5.4 Accuracy for different values of ν for three methods: ClonalFrameML, Gubbins,
PhiloBacter - Number of genome:10 - Alignment length:100K - tMRCA:0.01 -

Recombination length:500
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Upon analyzing the figures, it becomes evident that the performance of PhiloBacter

stands out. Except for scenarios where ν equals 0.01, PhiloBacter consistently registers the

highest Accuracy and F1-Score values in all other instances. This suggests that PhiloBacter

outperforms the other models in predictive capability under various conditions.

Figure 5.5 F1-Score for different values of ν for three methods: ClonalFrameML, Gubbins,
PhiloBacter - Number of genome:10 - Alignment length:100K - tMRCA:0.01 -

Recombination length:500

Figure 5.6 illustrates the divergence between the true clonal genealogy and the trees

inferred by CFML, Gubbins, and PhiloBacter. This divergence, or distance, is evaluated based

on two distinct metrics: the Weighted Robinson-Foulds metric and the Euclidean distance.

To assess the divergence of the Gubbins-inferred tree, we had to undertake a rescaling

of its output tree. This process was necessary to establish a common ground for comparison

among all the models.

The analysis reveals interesting insights. For all values of ν , the trees generated by

PhiloBacter exhibit a smaller Weighted Robinson-Foulds distance from the true tree (derived

from simulated data) than the CFML-inferred tree. This indicates that PhiloBacter more accu-

rately captures the structure of the true tree under this particular metric.
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(a) Weighted Robinson-Foulds distances between true (clonal) tree and trees of three methods

(b) Euclidean distances between true (clonal) tree and trees of three methods

Figure 5.6 BaciSim Simulator: Distances between true (clonal) tree and trees of three
methods: ClonalFrameML, Gubbins, PhiloBacter - Number of genome:10 - Alignment

length:100K - tMRCA:0.01- Recombination rate:0.01 - Recombination length 500

On the other hand, the situation becomes less clear-cut when evaluating the divergence

based on Euclidean distance. The data shows variability: for some ν values, the CFML model

exhibits a smaller distance from the true tree, signifying superior performance. For other ν val-

ues, both models display equal performance, and for the remainder, PhiloBacter outperforms

with a smaller Euclidean distance. This variation underscores the importance of examining

multiple evaluation metrics when comparing model performance in phylogenetic reconstruc-
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tion.

5.3.1.2 Investigating different recombination lengths

We conducted an additional experiment to examine the recombination length estima-

tion. In this experiment, the recombination length in the simulated data varied within the range

of [200,400,600,800,1000,1200,1400,1600,1800,2000]. Each scenario within this range was

repeated five times. The outcomes of this experiment, considering the values of ν 0.01, 0.03,

0.05, 0.07, and 0.09, are visualized in Figure 5.7.

The first key observation drawn from this figure is that Gubbins tends to overestimate

the length of the recombinant region considerably when compared to the actual size. Addition-

ally, when the value of ν is set to 0.01, CFML predicts numerous recombination events that

span the entire genome’s length.

PhiloBacter, on the other hand, while not perfectly accurate in estimating the length

of recombination events, generally exhibits a more measured approach. In specific scenarios,

its estimates exceed the actual size by several multiples. However, a closer look at Figure 5.7

reveals that, on balance, PhiloBacter outperforms Gubbins and CFML in estimating the size

of the recombination events. While there is room for improvement, PhiloBacter provides a

more accurate representation of the recombinant region sizes than the other two methods in the

context of this experiment.
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(a) ν : 0.01

(b) ν : 0.03

(c) ν : 0.05

(d) ν : 0.07

(e) ν : 0.09

Figure 5.7 BaciSim Simulator: Investigating how accurate each method (PhiloBacter,
Gubbins and CFML from left to right) can estimate different intervals of recombination

length. Number of genome:10 - Alignment length:100K - nu:0.05- tMRCA:0.01
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5.3.1.3 Investigating different recombination rate

In this set of experiments, we manipulated the recombination rate, selecting values from

the set 0.005,0.01,0,02,0.03. The length of the recombination events was kept constant at 500

nucleotides, while the time to the most recent common ancestor (tMRCA) and ν were fixed at

0.01 and 0.05, respectively. Each scenario was run through ten repeated trials. The outcomes

of these comparative experiments are illustrated in Figure 5.8.

This figure highlights some intriguing trends. When the recombination rate is low,

Gubbins’ results significantly diverge from those produced by CFML and PhiloBacter, which

demonstrate more consistency between each other. However, as the recombination rate in-

creases, the disparity between the three methods narrows, indicating that all three perform

comparably under high recombination rates. This comparison provides valuable insights into

the performance variations of these phylogenetic methods across different recombination rates.
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(a) Euclidean distances between true (clonal) tree and trees of three methods

(b) Weighted Robinson-Foulds distances between true (clonal) tree and trees of three methods

Figure 5.8 BaciSim Simulator: Distances between true (clonal) tree and trees of three
methods for different recombination rate: ClonalFrameML, Gubbins, PhiloBacter- Number
of genome:10 - Alignment length:100K - nu:0.05- tMRCA:0.01 - Recombination length 500

5.3.1.4 Investigating different tMRCA

The final parameter we explored for variation is tMRCA. We created a range of sce-

narios with tMRCA values spanning from 0.02 to 0.1. In these cases, the recombination event

length was held constant at 500 nucleotides, while the recombination rate and ν were set to 0.01

and 0.05, respectively. Each of these scenarios was replicated ten times to ensure robustness in
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our findings. The results are visualized in Figure 5.9.

Upon analyzing the figure, several crucial findings are unveiled. For tMRCA values

of 0.03, 0.04, and 0.05, the tree inferred by Gubbins illustrates a smaller Euclidean distance

from the clonal tree than those inferred by the other two methods. This indicates that Gubbins

displays higher accuracy in these particular scenarios.

However, the scenario alters when we explore different tMRCA values. In this case, the

trees inferred by PhiloBacter generally outperform those from Gubbins and CFML regarding

both types of distances. PhiloBacter’s Weighted Robinson-Foulds (WRF) distance consistently

remains the lowest across all the scenarios. This demonstrates PhiloBacter’s enhanced capacity

to accurately infer phylogenetic trees, maintaining a minimal distance from the true clonal tree

regardless of the variability in tMRCA.
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(a) Weighted Robinson-Foulds distances between true (clonal) tree and trees of three methods

(b) Euclidean distances between true (clonal) tree and trees of three methods

Figure 5.9 BaciSim Simulator: Distances between true (clonal) tree and trees of three
methods for different values of tMRCA: ClonalFrameML, Gubbins, PhiloBacter - Number
of genome:10 - Alignment length:100K - nu:0.05- Recombination rate:0.01 - Recombination

length 500

5.3.2 SimBac Simulator

In this section, we utilized SimBac [132], a bacterial genome simulation software, to

generate the data sets. One of the limitations of SimBac is that it does not explicitly specify

the recombination host node, making it impossible to determine the tMRCA. Because of these

constraints, the simulation data does not provide sufficient information to directly compare the
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accuracy and lengths of recombination events.

We just focused on computing the distance between the trees inferred by the models

and the actual trees the simulator provided.

To ensure the robustness and reliability of our findings, we conducted this experiment

ten times, each time with different values of ν ranging from 0.01 to 0.1. The recombination

length in these experiments was constant at 500 nucleotides, and the recombination rate was

fixed at 0.0005.

The findings from this set of experiments are presented in Figure 5.10. The distances de-

rived from the Gubbins method differ significantly from those of CFML and PhiloBacter, sug-

gesting a considerable variation in its performance. On the other hand, CFML and PhiloBacter

exhibit similar performance, as evidenced by their comparable distances. However, upon close

examination, minor differences become apparent. In scenarios involving most values of ν ,

the distances between the PhiloBacter-inferred trees and the clonal genealogy (measured using

both Weighted Robinson-Foulds and Euclidean distances) are slightly less than the distances

for trees inferred by CFML. Although the differences are subtle, they indicate that PhiloBacter

offers a slight edge over CFML in accurately reconstructing phylogenetic trees under various

conditions.
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(a) Weighted Robinson-Foulds distances between true (clonal) tree and trees of three methods

(b) Euclidean distances between true (clonal) tree and trees of three methods

Figure 5.10 SimBac Simulator: Distances between true (clonal) tree and trees of three
methods: ClonalFrameML, Gubbins, PhiloBacter - Number of genome:10 - Alignment

length:100K- Recombination rate:0.0005 - Recombination length:500

5.3.3 FastSimBac Simulator

This segment is similar to the experiments conducted in the previous section, but this

time using FastSimBac [133] as the simulator for generating the data. FastSimBac, a new ver-

sion of SimBac, is known for its robust and rapid bacterial genome simulation capabilities. All

the settings and parameters, including the ν values, recombination length, and recombination
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rate, remain identical to the ones employed in the previous experiment.

Several key insights emerge upon conducting the experiment and analyzing the results,

as shown in Figure 5.11. For instance, when the value of ν is set to 0.05, Gubbins, surpris-

ingly, generates a tree that deviates considerably from the clonal tree. The distances between

Gubbins’ inferred tree and the clonal tree are notably higher than those derived from the other

methods, indicating some abnormality in the tree generation process under this specific param-

eter setting.

On the contrary, for other values of ν , the performances of all three methods, as indi-

cated by their distance metrics, are relatively close.

However, despite the similarities, there is a subtle distinction when we delve deeper.

The trees inferred by PhiloBacter for all tested scenarios demonstrate a slight edge over the

other methods. Regardless of the value of ν employed, PhiloBacter consistently generates

more accurate trees that adhere more closely to the clonal genealogy. These findings indicate

that PhiloBacter, despite the close competition, emerges as a more effective tool for accurate

phylogenetic tree reconstruction under a range of conditions.
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(a) Weighted Robinson-Foulds distances between true (clonal) tree and trees of three methods

(b) Euclidean distances between true (clonal) tree and trees of three methods

Figure 5.11 FastSimBac Simulator: Distances between true (clonal) tree and trees of three
methods: ClonalFrameML, Gubbins, PhiloBacter - Number of genome:10 - Alignment

length:100K - Recombination rate:0.0005 - Recombination length: 500

5.4 Comparison with fastGEAR

PhiloBacter has thus far been benchmarked against two distinguished tools: Gubbins

and CFML. These tools were specifically chosen for their unique ability to detect recombination

in bacterial genomes and create phylogenetic trees that take this recombination into account,

a capability that closely mirrors the functions of PhiloBacter. However, various tools aim to
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identify recombination or craft bacterial phylogenetic trees. However, a limited number of

these tools are both highly cited by peers and capable of concurrently managing these complex

tasks.

What sets PhiloBacter apart is its comprehensive approach, and in this context, we find

it essential to include a comparison with another specialized tool, fastGEAR [84]. Developed

exclusively for detecting recombination in bacteria, fastGEAR presents a different approach,

and its output exhibits notable differences from those produced by PhiloBacter, Gubbins, and

CFML. This section delves into this comparison, highlighting selected examples that emphasize

the contrasts and distinctions between these tools.

5.4.1 fastGEAR Simulated Data

In our comparative analysis, we chose a subset of 15 sequences from the dataset that

fastGEAR used for its simulations. This created a consistent benchmarking environment, ensur-

ing all tools were evaluated under similar conditions. Subsequently, we subjected this curated

subset of sequences to rigorous testing using all four tools: PhiloBacter, Gubbins, CFML, and

fastGEAR itself. By doing so, we aimed to comprehensively understand each tool’s perfor-

mance, strengths, and potential areas of improvement when presented with the same dataset.

• FastGEAR identified 25 recent recombination events, indicating occurrences above the

tree’s external nodes. Furthermore, it pinpointed ten ancestral recombination events. The

output from fastGEAR, illustrating these recent recombination events on the tree’s tips,

can be viewed in Figure 5.12.
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Figure 5.12 The figure visually represents the population’s genetic structure inferred by
fastGEAR. In this illustration, the rows are aligned with the sequences, the columns

correspond to specific positions within the alignment, and various colors depict different
populations.

• CFML detected a total of 39 recombination events within the analyzed data. Of these

events, only six occurred above the tip nodes, representing recent recombination. At the

same time, the remaining 33 took place above the internal nodes, indicative of ancestral

recombination events.

• Gubbins identified ten recombination events in the analyzed dataset. Within this dis-

covery, four events were detected above the tip nodes, signifying recent instances of

recombination. The remaining six events were observed above the internal nodes.

• PhiloBacter identified 29 recombination events in the same dataset. Within this discovery,

five events were detected above as recent recombination events. The other 24 events were

observed as ancestral recombination events.

Some intriguing observations arose from this experiment, which merit discussion:

The three methods - PhiloBacter, Gubbins, and CFML - identified recombination events

occurring above merely two external nodes. All other detected events were classified as ances-
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tral recombination. Contrastingly, fastGEAR pinpointed these two nodes and identified six

other external nodes as having recently been recombined. Regarding ancestral recombination

events, PhiloBacter, Gubbins, and CFML reported a higher count than fastGEAR. Notably,

events recognized as occurring in parents or grandparents of tip nodes by the former three meth-

ods were classified as recent recombination events by fastGEAR. The discrepancy between the

methods may be attributable to differences in the definition and interpretation of ’recent’ ver-

sus ’ancestral’ recombination events and how the data was simulated. For a comprehensive

examination of this experiment, including detailed insights into the sequences, recombination

events, and phylogenetic trees as inferred by the three methods, please refer to the available

data at the following repository: (https://github.com/nehlehk/PhiloBacter/

tree/main/example_data/fastGEAR_example).

5.4.2 BaciSim Simulator

In this section, we engaged BaciSim, to craft scenarios using simulated data. This

allowed us to generate controlled conditions, providing a robust framework for our analysis

and enabling a more comprehensive understanding of the underlying processes and patterns.

5.4.2.1 Detecting Recent Recombinations

We’ve incorporated a specific feature in our simulator, BaciSim, allowing for the ex-

clusive generation of recombination events above external nodes. To enable a more straight-

forward comparative analysis with fastGEAR, we executed a series of experiments focusing

solely on these recent recombination events. Key settings were adjusted to specifications such

as a ν value of 0.03, a tMRCA for the clonal genealogy, and a recombination rate set at 0.01.

Additionally, we varied the length of the recombination events within a defined range, spanning
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from 500 to 1500 in increments of 100. Table 5.1 presents selected outputs from these experi-

ments, specifically focusing on the 500, 1000, and 1500 recombination lengths. The table’s left

column lists the number of recombination events generated in the simulation data via BaciSim,

reflecting our exclusive focus on recent recombination events above the leaves. Consequently,

the ’Anc’ columns for all rows are zero, clearly illustrating that the simulated data does not

include any ancestral recombination.

An interesting observation from the table is the contrasting performance of the tools

in detecting events, particularly concerning the length of recombination. FastGEAR and Gub-

bins demonstrate a limited ability to detect events when the recombination length is shorter,

with their identification prowess improving as the recombination length increases. In contrast,

CFML and PhiloBacter display a more consistent performance, working relatively uniformly

regardless of the recombination size.

Table 5.1
Summary of recent recombination (leaves) detection for three selected lengths (500, 1000, and
1500) using BaciSim, fastGEAR, Gubbins, CFML, and PhiloBacter. The simulated data were
generated using the following settings: ν : 0.03, Number of genomes: 10, Alignment length:
100K, and tMRCA: 0.01. The left column indicates the number of simulated recombination
events, with the ’Anc’ columns set to zero to represent the absence of ancestral recombination
in the simulated data. Column ’Rec’ shows the number of recent recombination events.

Simulator fastGEAR Gubbins CFML PhiloBacter
Length Rec Anc Rec Anc Rec Anc Rec Anc Rec Anc

500 40 0 13 0 10 0 33 2 32 2
1000 38 0 30 1 27 0 35 4 32 4
1500 39 0 34 0 32 3 38 3 36 5

5.4.2.2 Detecting Ancestral Recombinations

In the preceding section, we focused on conducting experiments to assess the various

tools’ proficiency in detecting recent recombination events. Now, we have extended our analy-

sis by repeating the experiments to contrast the tools’ ability to detect ancestral recombination
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events. Although the setting for simulating the data remained consistent, BaciSim was config-

ured to simulate recombination exclusively above the internal nodes.

Table 5.2 outlines this investigation’s results. It reveals a surprising observation: fast-

GEAR identified all recombination instances as recent events, failing to recognize even a single

occurrence as an ancestral one. This trend appeared independent of the recombination length,

showing no variation with size increase. Conversely, Gubbins displayed enhanced performance

as the size of the recombination area in the simulated data grew. This demonstrated an ability

to adapt to the specific attributes of the data. In line with the findings from the previous section,

PhiloBacter and CFML continued to display a more consistent performance. Their ability to

work relatively uniformly, regardless of the recombination size, extended to identifying ances-

tral events.

It is essential to clarify that the objective of this section was to provide a broad overview

and comparison of fastGEAR’s functionality relative to the other three tools—PhiloBacter,

Gubbins, and CFML. We intentionally focused on detecting different types of recombination

events and how the tools responded to variations in length. The detailed analysis of the accuracy

in determining the exact size of detected events was out of the scope of this comparison.

Table 5.2
Summary of ancestral recombination (internal nodes) detection for three selected lengths
(500, 1000, and 1500) using BaciSim, fastGEAR, Gubbins, CFML, and PhiloBacter. The
simulated data were generated using the following settings: ν : 0.03, Number of genomes: 10,
Alignment length: 100K, and tMRCA: 0.01. The left column indicates the number of
simulated recombination events, with the ’Rec’ columns set to zero to represent the absence of
recent recombination in the simulated data. Column ’Anc’ shows the number of ancestral
recombination events.

Simulator fastGEAR Gubbins CFML PhiloBacter
Length Rec Anc Rec Anc Rec Anc Rec Anc Rec Anc

500 0 25 13 0 0 9 1 21 0 22
1000 0 18 40 0 0 14 3 18 2 17
1500 0 32 34 0 0 25 1 32 5 30
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5.4.2.3 Detecting All Recombinations

We embarked on another experiment wherein we simulated both types of recombina-

tion: Recent and Ancestral. The outcomes were consistent with our prior findings from the

previous sections. Specifically, fastGear was unable to identify ancestral events. As previ-

ously discussed, this discrepancy might stem from variances in how ’recent’ and ’ancestral’

recombination events are defined and interpreted across these tools. The complex nature of

recombination events and their detection variations might be tied to underlying differences in

the algorithms or conceptual frameworks used by the tools. This highlights the need for careful

consideration when choosing a method for specific applications and potentially opens avenues

for further research to fully understand these discrepancies and work towards standardizing

definitions and methodologies in this field.

5.5 Application to empirical data

In this section, to provide a more comprehensive evaluation of PhiloBacter’s perfor-

mance, we elected to utilize PhiloBacter on well-recognized, highly recombinogenic real

datasets. The real datasets used in this section are available here: https://zenodo.org/

record/8260367.

5.5.1 Application to Streptococcus pneumoniae

Streptococcus pneumoniae is a highly recombinogenic bacterium that resides primarily

in the human nasopharynx, serving both as a commensal and a significant respiratory pathogen.

This bacterium has been linked to nearly 15 million cases of invasive disease globally in

2000 [145]. Starting from the 1970s, there has been a notable decrease in the susceptibility

101

https://zenodo.org/record/8260367
https://zenodo.org/record/8260367


of the pneumococcal population to antibiotics, predominantly driven by the emergence and

proliferation of various multidrug-resistant clones [146].

In alignment with Gubbins’s study, we utilized a subset of 11 sequences from the orig-

inal dataset, which encompassed a total of 240 PMEN1 sequences, for our evaluation.

Our discussion of this experiment spans four different figures. Figure 5.13 is an original

image directly sourced from Gubbins’ paper, providing us with a benchmark to compare our

results. On the other hand, Figure 5.14 showcases the trees inferred from both CFML and

PhiloBacter methods, offering a side-by-side visual comparison of the results yielded by these

tools.

To delve deeper into the specifics of the recombination regions identified by these two

methods, we focus on Figures 5.15 and 5.16. It’s important to note here that Figure5.15 is an

output from the PhiloBacter pipeline, illustrating its capability in handling and processing real

datasets.

However, there is an inherent ambiguity as we are dealing with real experimental data.

Since a definite "correct answer" does not exist in such a scenario, it becomes challenging to

determine which tool has outperformed the other. Despite this, certain observations can be

made from the results.

Upon inspecting of Figure 5.16, it becomes apparent that PhiloBacter has successfully

identified more recombination events than Gubbins and CFML. Vertical bars represent pre-

dicted recombination events occurring on both internal and terminal branches. The first 11

rows depict terminal branches, while the remaining rows illustrate internal branches. Conse-

quently, the recombination events represented on these internal branches are shared by multiple

isolates due to their common ancestry. This highlights PhiloBacter’s sensitivity in detecting

such critical evolutionary events.
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H
Figure 5.13 Analysis of the PMEN1 genome alignment with Gubbins employing different phylogeny construction strategies [87]
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H (a) PhiloBacter tree

(b) CFML tree

Figure 5.14 Analysis of the PMEN1 genome alignment with PhiloBacter. a) PhiloBacter tree,
b) CFML tree
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Figure 5.15 Analysis of the PMEN1 genome alignment with CFML. Vertical bars indicate recombination events detected by the CFML.
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Additionally, when observing the branch lengths, PhiloBacter offers a more reasonable

size for the phylogenetic tree. This suggests that the tree’s structure has been less influenced

by the recombination events, providing a more realistic depiction of the evolutionary history.

This feature of PhiloBacter is significant as it improves the interpretability and applicability of

the results, making it an increasingly promising tool for such complex phylogenetic analyses.

5.5.2 Application to Staphylococcus aureus

Staphylococcus aureus, including the Methicillin-resistant strain (MRSA), has evolved

predominantly clonally [147]. The rarity of observed exchange between MLST loci and the

low level of homoplasy in the S. aureus ST239 phylogeny supports this observation [148]. A

specific strain of this species, MRSA, has become known for its resistance to multiple antibi-

otics [149] that are usually effective against standard staph infections.

In our exploration of S. aureus ST239, we strategically aligned our methodology with

Gubbins. Drawing from the extensive alignment detailed in the study by Croucher et al. [87],

we selected 14 representative sequences belonging to the Thailand clade. The chosen se-

quences, representative of key characteristics within the clade, further allowed for a nuanced

understanding of the underlying patterns and relationships within S. aureus ST239.

In a study by PhiloBacter, 19 recombination events were identified within the clonal

genealogy of the species. These included five predicted recombinations above leaves (S26, S38,

S78, S85, and DEN907), and others involving internal nodes. Two significant recombination

events were found to have longer lengths: the first included taxa S40, S130, S102, S85, S87,

S93, and S71, while the second included taxa S2, S26, DEN907, and S78.

CFML identified 28 recombination events. Four took place above external nodes, with

three appearing above taxa S38 and one above taxa S78. A notable internal recombination of
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Figure 5.16 Analysis of the PMEN1 genome alignment with PhiloBacter. Vertical bars indicate recombination events detected by the analysis.
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extended length occurred above the nodes comprising taxa S40, S130, S102, S85, S87, S93,

and S71. Additionally, recombination events were detected above nodes S2, S78, and S26.

In this study, Gubbins detected a total of 51 recombination events. Forty of these events

occurred above the leaves, specifically at the following taxa: S130, S87, S85, S40, S102, S78,

S2, S26, DEN907, S7, S38, and TW20. Additionally, there were two internal recombination

events. The first one involved nodes above taxa S130, S87, S85, S40, S102, S93, and S71,

while the second included nodes TW20, S26, S78, S2, DEN907, S7, and S38.

Despite the differences in the number of recombination events detected, there is a

commonality in some of the identified recombinations. For instance, an extended recombi-

nation event, including taxa S40, S130, S102, S85, S87, S93, and S71, was identified by both

PhiloBacter and CFML. Some taxa like S78, S26, and DEN907 appeared in the results of all

three methods. Also, The repeated occurrence of certain taxa across different methods might

provide valuable insights into the specific recombination patterns or hotspots within the geneal-

ogy of the species.

For the detail of recombination events and phylogenetic trees as inferred by the three

methods, please refer to the available data at the following repository: (https://github.

com/nehlehk/PhiloBacter/tree/main/example_data/ST239).

5.5.3 Application to Bacillus Cereus

Bacillus cereus, a gram-positive bacterium that can function in anaerobic and aerobic

environments, is commonly found in soil, plants, and food. Often, it leads to intestinal issues

such as nausea, vomiting, and diarrhea. In those with weakened immune systems, however, it

may result in severe infections, including septicemia and endophthalmitis, potentially causing

vision loss [150].
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Evidence has been found for genetic exchange within the B. cereus subgroup through

homologous or nonhomologous recombination or interaction between different lineages [151],

[152].

The website PubMLST.org serves as a repository for open-access, meticulously curated

databases. These databases combine sequence data from populations with origin and phenotype

details for more than 130 microbial species and genres. Specifically, the cgMLST scheme for

the B. cereus senu lato group was pioneered by Nicolas Tourasse and his team [153]. For

our analysis, we concentrated on sequences isolated in Australia, resulting in a selection of 11

records from the database. Figure A.7 shows a detailed overview of these records.

Similar to our previous experiments, we evaluated the database using three distinct

methods in this segment of our thesis. The outcomes obtained from Gubbins deviated markedly

from those of the other methods, leading to an unusually structured tree. As depicted in fig-

ure 5.17a, this tree incorporates only four taxa, neglecting the remaining seven. Moreover,

Gubbins identified a mere eight recombination events within these sequences.
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(a) Gubbins tree

(b) CFML tree

(c) PhiloBacter tree

Figure 5.17 The analysis of Bacillus cereus strains isolated in Australia: a) Tree representation
using Gubbins, b) CFML-based phylogenetic tree, and c) PhiloBacter tree analysis.110



Conversely, CFML predicted 2,760 recombination events, encompassing internal and

external events. However, 300 events had lengths under 100, indicating that CFML fragmented

some events into multiple shorter segments. The tree inferred by CFML can be viewed in

figure 5.17b.

PhiloBacter reported 391 recombination events. Its corresponding tree is showcased in

figure 5.17c. A schematic representation of the events predicted by PhiloBacter can be observed

in figure 5.18. This figure shows that taxa ’2979’, ’4801’, and ’4946’ underwent only a single

recombination. This finding mirrors CFML’s results. Moreover, both methods predicted zero

events for taxa ’60’ and ’114’.

The branch lengths determined by CFML are considerably shorter than those of the

PhiloBacter tree. It’s commonly assumed that branches undergoing recombination tend to have

longer lengths than those without recombination events. Given this premise, PhiloBacter ap-

pears to provide a more accurate estimation of branch lengths than CFML.

For the detail of recombination events and phylogenetic trees as inferred

by the three methods, please refer to the available data at the following reposi-

tory: (https://github.com/nehlehk/PhiloBacter/tree/main/example_

data/Bacillus%20Cereus).

5.6 Resource Usage

As we transition from theory to practice, it’s crucial to consider the computational re-

sources required to implement these methodologies. We’ve compared PhiloBacter with Gub-

bins and CFML across four parameters: CPU usage, memory (RAM) usage, job duration, and

input/output (I/O) operations.

The figures 5.19,5.20,5.21, and 5.22 indeed illustrate that PhiloBacter’s resource uti-
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Figure 5.18 The analysis of Bacillus cereus strains isolated in Australia with PhiloBacter. Vertical bars indicate recombination events detected
by the analysis.
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lization currently exceeds that of CFML and Gubbins. It should be noted that the software

testing was carried out on a system with the following specifications:

• Operating System: 64-bit

• Memory: 16 GB

• Processor: Intel® Core™ i5-8365U CPU, with a base clock speed of 1.60 GHz and 8

cores.

Figure 5.19 Resource usage comparison chart showcasing CPU consumption across various
tools: PhiloBacter, CFML, Gubbins (Gubbins-result is our custom script for output

manipulation), and RAxML.

We attribute this to two main factors. First, PhiloBacter is still in its initial version and,

like many first-generation tools, is yet to be optimized for efficiency. Second, the fact that it

was developed using Python, could add to the computational overhead.

Python is an interpreted language, which means it is not compiled into machine code

before execution. Instead, the Python interpreter reads and executes each program line sequen-
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tially, translating each statement into a sequence of one or more subroutines already compiled

into machine code. This contrasts with compiled languages, such as C or C++, where source

code is transformed into machine code before it’s executed.

Figure 5.20 Resource usage comparison chart showcasing RAM consumption across various
tools: PhiloBacter, CFML, Gubbins (Gubbins-result is our custom script for output

manipulation), and RAxML.

This characteristic of Python generally leads to slower execution times compared to

compiled languages. This is mainly because the interpretation process—reading and translating

the code—happens every time the program runs, introducing an overhead absent in precompiled

code.

Furthermore, Python’s dynamic typing and automatic memory management also con-

tribute to its relative slowness. Dynamic typing means the variable type can change during

runtime, and automatic memory management means the language is responsible for allocating

and deallocating memory as needed. While these features make Python flexible and easy to

use, they also contribute to slower execution speeds because the interpreter must continuously
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ensure type compatibility and manage memory.

Figure 5.21 Comparative chart of job duration, illustrating the processing times for
PhiloBacter, CFML, Gubbins (enhanced with our tailored script -Gubbins-result- for output

refinement), and RAxML.

While the current version of PhiloBacter might require higher computational resources,

we are acutely aware of these constraints. Looking forward, we are focused on improving the

efficiency of PhiloBacter in future iterations. For the next version of PhiloBacter, efforts could

be made to rewrite some critical parts of the code in a compiled language such as C or Rust to

improve performance and significantly reduce resource usage. Parallelization of the code could

also be explored to take advantage of modern multi-core processors.
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Figure 5.22 I/O resource usage comparison chart, displaying results for PhiloBacter, CFML,
Gubbins (modified using our custom script -Gubbins-result- for output optimization), and

RAxML.

5.7 Discussion

Detecting recombination and understanding its impact on the construction of phyloge-

netic trees have been longstanding pursuits within genomics research. However, these efforts

have been met with considerable challenges due to the complex processes involved. Available

methodologies have addressed some aspects of the problem, but the puzzle remains incomplete,

leaving this an intriguing area for further exploration.

Recombination events introduce an asymmetry within bacterial genomes about both

polymorphism and phylogenetics. This unevenness presents an opportunity to detect recom-

bination segments and construct more accurate phylogenetic trees in the presence of recom-

bination. Inspired by this potential, we developed a new method to infer recombination from

the alignment of whole bacterial genome sequences. In this thesis, we present our novel tool,

PhiloBacter.
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PhiloBacter operates on a probabilistic model, scrutinizing each alignment site at each

tree branch. Leveraging the Hidden Markov Model (HMM) method, it estimates the associ-

ated probabilities and, subsequently, utilizes these values to reconstruct the phylogenetic tree.

PhiloBacter offers two strategies for this reconstruction, both employing the Maximum Likeli-

hood (ML) method.

Our work with PhiloBacter shares similarities with ClonalFrameML (CFML), a tool

that uses a related approach to infer the ML tree from the bacterial alignment sequence. How-

ever, several distinctive characteristics and innovations set PhiloBacter apart:

1. Simplicity: PhiloBacter’s design emphasizes simplicity and ease of understanding. Un-

like other tools, it does not entangle users with complicated and obscure parameters.

2. Unique Perspective: As far as we know, PhiloBacter is the first method that investi-

gates bacterial recombination from a sequence uncertainty perspective. This innovative

approach may pave the way for more fascinating discoveries about bacterial genomes.

3. Different Angles, Same Tools: While CFML and PhiloBacter utilize the HMM and

Baum-Welch algorithm, they do so for different purposes. CFML estimates various

model parameters, including point mutation rate, recombination rate, recombination

length, recombination substitution probability, and branch length. In contrast, PhiloBac-

ter focuses on estimating only the recombination and imported substitution rates. This

exemplifies how the same tools can tackle the problem from different angles.

4. Handling High Recombination Rates: Some recombination detection tools struggle

with high recombination rates as these tools often remove the recombinant regions. With

high recombination rates, these tools can potentially discard significant portions of the

sequence, leaving little useful information for tree inference. PhiloBacter overcomes
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this challenge by incorporating all regions into its model and employing the calculated

probabilities in tree reconstruction.

5. Performance and Accuracy: Despite not attempting to estimate all model parameters,

PhiloBacter performs remarkably in inferring a clonal tree closer to the actual tree. It

also exhibits superior accuracy in estimating recombination lengths compared to other

methods, as evidenced by various Figures in this chapter.

6. Robustness: Massive experimentation on various simulated datasets has demonstrated

that PhiloBacter is robust against changes in multiple parameters that might influence

the data. This robustness makes PhiloBacter an attractive option for complex genomic

analyses.

PhiloBacter presents a compelling new approach to bacterial recombination analysis,

pushing the boundaries of our current understanding and capabilities. With its unique

perspective and features, PhiloBacter holds great promise for future genomics research.
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CHAPTER SIX
CONCLUSION AND FUTURE DIRECTIONS

6.1 Conclusion

The thesis discussed here is centred around a significant challenge in bacterial genetics

and bioinformatics - the issue of detecting recombination events in bacterial genomes and the

subsequent construction of their phylogenetic trees. Phylogenetic trees are diagrammatic rep-

resentations showing the inferred evolutionary relationships among biological entities. They

are based on similarities and differences in their physical or genetic characteristics.

In bacteria, recombination is an integral part of the evolutionary process, wherein one

bacterial organism exchanges genetic material with another. These recombination events, how-

ever, can complicate the inference of phylogenetic trees, which are generally meant to represent

a branching, tree-like pattern of evolution.

Chapter 3 of the thesis proposes innovative methodologies to address this issue. Instead

of taking a traditional approach to phylogenetic reconstruction, these methods are designed to

detect instances of recombination in bacterial genomes and appropriately factor these events

into the inference of phylogenetic trees. By doing so, they provide a more accurate picture of

bacterial evolution, which recognizes and accounts for the significant role of recombination.

Chapter 4 introduces a new tool for simulation that has been developed specifically to

test the effectiveness of the proposed solution. In this context, simulation tools are computer

programs designed to emulate the processes of bacterial recombination and phylogenetic tree

construction. These tools enable the researchers to create a variety of virtual scenarios in which

the performance of their proposed methods can be scrutinized.
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Chapter 5 involves a rigorous series of simulation scenarios to test the proposed solu-

tion’s effectiveness. These simulations focus on evaluating the performance of a tool named

PhiloBacter. This tool, designed as a central part of the proposed methodologies, is put through

its paces and compared against two well-known methods used in the field. Its performance is

evaluated regarding its ability to accurately reconstruct phylogenetic trees in scenarios where

recombination events have occurred. The findings from these tests indicate that PhiloBacter

consistently outperforms the other methods across most scenarios, thus effectively fulfilling

the central aim of the thesis.

A significant outcome of this research was the development of a novel tool for recom-

bination detection. This tool employs a probabilistic approach, assigning a unique probability

to each alignment site in the genome, effectively mapping out the likelihood of recombination

events occurring at each location. Probabilistic values and this approach’s underlying math-

ematical and statistical framework make it a robust and reliable solution. This methodology

opens up new possibilities for similar bioinformatics applications, paving the way for future

advancements in the field.

The thesis also presents two innovative approaches to integrating these probabilistic

values into inferring phylogenetic trees. One of these approaches has been explicitly designed

to deal with uncertainty in the tree inference process, a significant leap forward considering the

complexity of bacterial evolution. Introducing these methodologies represents a considerable

contribution to the field, offering novel solutions beyond addressing the immediate problem of

bacterial recombination. They present fresh perspectives and provide new avenues for future

research.

One of the most critical contributions of the thesis is its unique perspective on bacterial

recombination. The research examines the issue of bacterial recombination from the view-
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point of uncertainty. This perspective is novel and can be applied to studying recombination

in various other organisms, thus broadening its potential impact on the broader field of genetic

research.

Finally, the thesis introduces BaciSim, a new simulation tool developed to generate

specific simulated datasets. BaciSim is designed to be a simple and fast simulator that can

produce data according to the particular requirements of the research at hand. This tool further

exemplifies the innovative spirit of the study, highlighting its commitment to developing new

tools and methodologies to advance the field of bacterial genetics and phylogenetics.

6.2 Perspectives and Future Research

While we have seen promising results and findings in our research, we also acknowl-

edge some problems and challenges we must conquer in our future endeavours. Though these

challenges may present difficulties, they offer exciting opportunities for further growth and

development.

6.2.1 PhiloBacter as a fast and more efficient tool

A key area of focus for our future work revolves around optimizing PhiloBacter, our

computational tool. To make PhiloBacter a faster and more efficient tool, we aim to optimize

its application to large bacterial whole-genome datasets, drastically reducing the computational

time from days to hours. The PhiloBacter software was initially implemented in Python, and

we have since incorporated Cython [154], a Python-C hybrid compiler. This implementation

has led to an impressive increase in computational speed - by a factor of five times to be precise.

However, we also acknowledge that the current method of PhiloBacter computation,

which consists of a matrix with dimensions equivalent to the total number of tree nodes mul-
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tiplied by the alignment length, poses specific issues. Current libraries, such as Beagle [155],

[156], which we had previously implemented, have shown limitations in responsiveness. Thus,

it becomes evident that there is a need to develop a more effective solution from scratch. Our

proposed approach to this issue is to create the desired code in C++, a language renowned for

efficiently handling complex computational tasks.

6.2.2 Generalised uncertainty approach

In the third chapter of our research, we delved into the intricate world of computational

biology, specifically focusing on the impact of recombination and its potentially misleading

effects on the topology of phylogenetic trees. We highlighted an innovative method, namely

the ’uncertainty approach’, that we theorized might be instrumental in correcting such distor-

tions. This approach essentially incorporates a probabilistic perspective into the analysis of

recombination events, accounting for the intrinsic uncertainty and potential errors within the

recombination process.

In the future, our research will seek to validate the efficacy of the uncertainty approach

in mitigating the skewness of tree topology due to recombination events. To comprehensively

evaluate the impact of the uncertainty approach, we will need to establish various simulation

scenarios. These scenarios will mimic different biological situations, from simple to complex

and multifaceted.

By varying the parameters within these simulation scenarios, we can observe the

changes in tree topology and thus assess how the uncertainty approach affects it under dif-

ferent conditions. For instance, one scenario could involve high recombination rates and low

mutation rates, while another might involve the inverse. The effects of the uncertainty approach

can then be monitored under each unique set of circumstances.
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Subsequently, we will analyze the results of these simulations with a critical eye, look-

ing for evidence of topology correction by the uncertainty approach. This involves comparing

the simulated tree topology before and after applying the uncertainty approach. After using the

uncertainty approach, a successful modification would entail the tree topology better reflecting

the authentic evolutionary relationships between species.

We hope to enhance our understanding of the uncertainty approach and its effects on tree

topology by systematically implementing and examining these different simulation scenarios.

Moreover, this rigorous assessment will allow us to refine the uncertainty approach, improving

its capacity to correct any misleading effects caused by recombination and thus advance the

field of computational biology.

6.2.3 Internal and external nodes

In the course of this thesis, we’ve ventured into a relatively unexplored domain of com-

putational biology by modelling recombination with an emphasis on uncertainty. This repre-

sents a pioneering attempt at an innovative approach, focusing on the mechanical aspect of

recombination and considering the probabilistic uncertainties intrinsic to this biological phe-

nomenon.

While our initial efforts have centred on a more generalized form of uncertainty, we

recognize that further refinements could be made. There is significant potential in tailoring

different approaches to accommodate uncertainty at different levels of the phylogenetic tree.

These levels could include both external nodes, which represent present-day organisms or taxa,

and internal nodes, which represent their common ancestors.

External nodes are directly observable and thus usually less uncertain, but they can

still be influenced by factors such as measurement errors or sequencing inaccuracies. Internal
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nodes, on the other hand, are inherently more uncertain due to their inferred nature. A com-

prehensive uncertainty approach would need to address these different sources of uncertainty

nuancedly, considering their varying levels and impacts.

Looking ahead, we believe that developing a specific uncertainty model for recombina-

tion could yield significant benefits for the accuracy and reliability of tree inference. Such a

model could systematically incorporate the uncertainty from recombination events into phylo-

genetic analyses, allowing for more realistic and robust reconstructions of evolutionary histo-

ries.

A more refined model might also explain that recombination events are not uniformly

distributed but tend to occur more frequently in certain "hotspots" within the genome. It could

also consider how the recombination rate varies among organisms or parts of the same genome.

In conclusion, while we have made a promising start in incorporating uncertainty into

recombination modelling, there remains much potential for further exploration and refinement

in this field. Our continued work in this area promises to enhance our understanding of evolu-

tionary processes and relationships greatly.

6.2.4 A dynamic and general simulator

BaciSim, our computational simulator, has thus far been a precious tool in our research.

Its core function has been to simulate bacterial evolution, providing a framework within which

we can generate and examine various scenarios of bacterial genetic diversity. However, the

potential for BaciSim extends beyond its current capabilities, and our plans include expanding

its scope and versatility.

Our vision for BaciSim is to transform it into a more comprehensive simulator capable

of modelling various biological scenarios. Instead of solely focusing on bacteria, we plan to
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broaden its purview to include other types of organisms as well. This would involve incorpo-

rating additional parameters and models into BaciSim to accurately reflect various organisms’

different genetic mechanisms and evolutionary processes.

Moreover, by considering other population structures BaciSim could offer insights into

how different population dynamics influence evolutionary outcomes.

Finally, to enhance the reliability and accuracy of BaciSim, the outcomes generated by

the simulator could be meticulously compared and aligned with actual datasets. This cross-

referencing ensures that the simulation reflects theoretical expectations and aligns closely with

real-world observations and results.

6.2.5 PhiloBacter and quantum computing

Suppose we look at the problem of inferring phylogenetic trees from the perspective of

the optimization problem, where the goal is to identify the most probable tree configuration,

similar to finding a system’s minimum energy state. However, such a task introduces significant

computational challenges, as it demands considerable computational power to traverse the large

space of possible tree configurations and risks becoming trapped in a local minimum.

To circumvent these challenges, we are contemplating the utilization of quantum an-

nealing, a technique that employs quantum mechanics to solve optimization problems. Quan-

tum annealing can potentially navigate the solution space more efficiently and effectively by

leveraging quantum phenomena such as superposition and quantum tunnelling. Thus, it is ex-

pected to locate the global minimum with greater accuracy and speed. By adopting quantum

annealing, we aim to cut down considerably on the time and computational resources required

to analyze phylogenetic trees using PhiloBacter, leading to more accurate evolutionary rela-

tionship inferences and contributing to the broader development of computational biology.
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(a) nu:0.01

(b) nu:0.02

(c) nu:0.03

(d) nu:0.04

Figure A.1 BaciSim Simulator: This figure is the same as Figure 5.3. We removed Gubbins’s
data to clarify the differences between CFML and PhiloBacter(s).
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(a) nu:0.05

(b) nu:0.06

(c) nu:0.07

(d) nu:0.08

Figure A.2 BaciSim Simulator: This figure is the same as Figure 5.4. We removed Gubbins’s
data to clarify the differences between CFML and PhiloBacter(s).
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(a) nu:0.09

(b) nu:0.1

Figure A.3 BaciSim Simulator: This figure is the same as Figure 5.5. We removed Gubbins’s
data to clarify the differences between CFML and PhiloBacter(s).
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(a) nu:0.01

(b) nu:0.02

(c) nu:0.03

(d) nu:0.04

Figure A.4 SimBac Simulator: This figure is the same as Figure 5.10. We removed Gubbins
data to clarify the differences between CFML and PhiloBacter.
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(a) nu:0.05

(b) nu:0.06

(c) nu:0.07

(d) nu:0.08

Figure A.5 SimBac Simulator: This figure is the same as Figure 5.11. We removed Gubbins
data to clarify the differences between CFML and PhiloBacter.
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(a) nu:0.01

(b) nu:0.02

Figure A.6 SimBac Simulator: This figure is the same as Figure 5.12. We removed Gubbins
data to clarify the differences between CFML and PhiloBacter.
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Figure A.7 Details of Australian genomes used in section 5.5.3 Application to Bacillus Cereus.
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