Advanced Machine Learning
Techniques for Taxonomic

Classification and Clustering of DNA
Sequences

by

Fatemeh Alipour

A thesis
presented to the University of Waterloo
in fulfillment of the
thesis requirement for the degree of
Doctor of Philosophy
in
Computer Science

Waterloo, Ontario, Canada, 2024

© Fatemeh Alipour 2024



Examining Committee Membership

The following served on the Examining Committee for this thesis. The decision of the
Examining Committee is by majority vote.

External Examiner: Dan Tulpan
Department of Animal Biosciences
University of Guelph

Supervisor(s): Lila Kari
David R. Cheriton School of Computer Science
University of Waterloo

Yang Young Lu
David R. Cheriton School of Computer Science
University of Waterloo

Internal Members: Yaoliang Yu
David R. Cheriton School of Computer Science
University of Waterloo

Olga Veksler
David R. Cheriton School of Computer Science
University of Waterloo

Internal-External Member: Brendan McConkey
Department of Biology
University of Waterloo

11



Author’s Declaration

This thesis consists of material all of which I authored or co-authored: see Statement
of Contributions included in the thesis. This is a true copy of the thesis, including any
required final revisions, as accepted by my examiners.

I understand that my thesis may be made electronically available to the public.

111



Statement of Contributions

The main contributions of this thesis consist of the following articles:

e “DeLUCS: Deep learning for unsupervised clustering of DNA sequences” published
in PLOS ONE. The major individual contributions are listed below.

— Pablo Millan Arias: Conceptualization, data curation, formal analysis, in-
vestigation, methodology, software, validation, visualization, writing—original
draft, writing—review and editing.

— Fatemeh Alipour: Conceptualization, data curation, formal analysis, investi-
gation, methodology, software, validation, visualization, writing — original draft,
writing—review and editing.

— Kathleen A. Hill: Conceptualization, investigation, writing—review and edit-
ing, and supervision.

— Lila Kari: Conceptualization, formal analysis, investigation, methodology, su-
pervision, writing—review and editing, and supervision.

P.M.A. and F.A. contributed equally to this work.

e “Leveraging machine learning for taxonomic classification of emerging astroviruses”
published in Frontiers in Molecular Biosciences. The major individual contributions
are listed below.

— Fatemeh Alipour: Conceptualization, methodology, software, validation, for-
mal analysis, investigation, data curation, writing—original draft preparation,
writing—review and editing, and visualization.

— Connor Holmes: Conceptualization, methodology, software, validation, for-
mal, analysis, investigation, data curation, writing—original draft preparation,
writing—review and editing, and visualization.

— Yang Young Lu: Methodology, writing—review and editing, supervision.

— Kathleen A. Hill: Conceptualization, methodology, investigation, writing—
review and editing, and supervision.

— Lila Kari: Conceptualization, methodology, investigation, writing—review and
editing, and supervision.

F.A. and C.H. are co-first authors of this work, representing computer science and
biology, respectively.

v



e “CGRclust: Chaos game representation for twin contrastive clustering of unlabelled
DNA sequences”, accepted for publication in BMC Genomics. The major individual
contributions are listed below.

— Fatemeh Alipour: Conceiving the study and writing the manuscript, design-
ing and performing the experiments, conducting the data analysis and editing
the manuscript.

— Kathleen A. Hill: Conducting the data analysis and editing the manuscript,
contributing biological expertise.

— Lila Kari: Conceiving the study and writing the manuscript, conducting the
data analysis and editing the manuscript.



Abstract

Advancements in genomic sequencing have exponentially increased the availability of
DNA sequence data, presenting new opportunities and challenges in bioinformatics. This
thesis addresses the critical need for scalable and precise computational tools to enhance
taxonomic classification and clustering of DNA sequences through the application of ad-
vanced machine learning techniques. We introduce several novel algorithms designed to
improve the accuracy and efficiency of these processes, focusing on both supervised and
unsupervised machine learning approaches.

Firstly, we introduce “DeLUCS”, a deep learning-based method for the unsupervised
clustering of DNA sequences. DeLUCS utilizes invariant information clustering to opti-
mize the grouping of sequences without prior taxonomic information. We validate this
model across multiple genomic datasets, including vertebrate mitochondrial genomes, bac-
terial genome segments, and viral sequences. DeLUCS significantly outperforms traditional
methods such as K-Means and Gaussian Mixture Models, establishing its effectiveness for
analyzing large, unlabelled DNA datasets.

Secondly, we explore the taxonomic classification of emerging astroviruses using a hy-
brid machine learning approach that effectively combines supervised and unsupervised tech-
niques. Our novel methodology integrates K-mer composition analysis of whole genomes
with host species data, which is crucial for accurately identifying and classifying novel and
as-yet unclassified astroviruses. This approach addresses the challenges posed by genetic re-
combination and broad interspecies transmission that traditional host-based classifications
fail to accommodate. By applying our method, we successfully proposed genus labels for
191 previously unclassified astrovirus genomes, and further identified potential cross-species
infections, demonstrating the need for a revised understanding of astrovirus taxonomy.

Additionally, we present “CGRclust”, a novel method employing twin contrastive learn-
ing with convolutional neural networks (CNNs) for clustering Chaos Game Representations
of DNA sequences. CGRclust leverages a unique data augmentation strategy and advanced
model architecture and improves upon traditional sequence classification by avoiding the
need for DNA sequence alignment or taxonomic labels. This approach demonstrates robust
performance, outperforming existing methods like DeLUCS and MeShClust v3.0 with su-
perior clustering accuracy on diverse datasets, including mitochondrial genomes and viral
sequences.

Our comprehensive evaluations illustrate that these methods significantly advance the
accuracy and computational efficiency of genomic data analysis. Specifically, our novel al-
gorithms, including DeLUCS and CGRclust, leverage deep learning and contrastive learn-
ing models to refine the classification of DNA sequences, without the dependency on prior
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taxonomic knowledge or sequence alignment. These improvements demonstrate how ma-
chine learning can transform the field of genomic analysis, setting a new standard for
taxonomic classification and providing a foundation for future explorations in evolutionary
biology and biodiversity.

vii



Acknowledgements

First and foremost, I would like to express my deepest gratitude to my supervisors,
Professors Lila Kari and Yang Lu, for their guidance and support throughout the course of
my PhD studies. Professor Kari’s exceptional patience and profound kindness have greatly
aided my academic and personal development. Her extensive expertise in supervising,
along with her continual encouragement, has been invaluable. This thesis would not have
been possible without her help, which has firmly established her as both a mentor and a
true role model. I also greatly appreciate Professor Lu’s expertise, insights, and guidance,
which have been crucial in shaping my research direction and assisting me in overcoming
the challenges of academic research.

I would like to express my sincere gratitude to Professor Kathleen Hill for her invaluable
contributions to my research projects. As a mentor from the biology area, her expertise
and continued encouragement have been essential throughout this journey. Her kindness
and support have made her an exceptional mentor, and without her expertise in biology,
this research would not have been possible.

I would also like to extend my thanks to the examining committee members: Profes-
sors Dan Tulpan, Brendan McConkey, Olga Veksler, and Yaoliang Yu. I appreciate their
willingness to serve on my committee and their assistance throughout this process.

I would like to thank my fellow lab members, Monireh Safari, Pablo Millan Arias,
Niousha Sadjadi, Zihao Wang, and Wanxin Li, for their support, assistance, and encour-
agement, which enriched my research experience. I am grateful for the collaborative efforts
and friendships that have made this journey a memorable one. I am also thankful to the
members of Professor Hill’s lab, including Connor Holmes and Joseph Butler, for their
collaboration and assistance throughout my research. Additionally, I extend my gratitude
to Professors Camila de Souza and Gurjit Randhawa, for their invaluable support and
guidance throughout my research.

I am profoundly grateful to my parents for their endless love, encouragement, and the
many sacrifices they have made throughout my life. To my brother, Hamidreza, your love
and constant support have been a great source of comfort and strength. I am also deeply
grateful to my friends for their continued encouragement and the joyful moments we have
shared. Your friendship has been a source of strength and happiness throughout this time.

A special thank you to my dearest husband, Pourya, the love of my life and my best
friend. This thesis would not have been possible without your endless patience, care, and
love. You have been my emotional anchor and the reason I have been able to keep going.
Your belief in me has been my foundation, and I am deeply grateful for your presence
throughout this journey.

Viil



Dedication

To my loving husband, Pourya, for your continuous support, belief in me, and for being
my source of strength.

To my parents, Narges and Abbas, for your constant encouragement and love, which
have supported me through every challenge.

X



Table of Contents

Examining Committee ii
Author’s Declaration iii
Statement of Contributions iv
Abstract vi
Acknowledgements viii
Dedication ix
List of Figures XV
List of Tables xVvii
1 Introduction 1

1.1 Motivations . . . . . . . . L 1

1.2 Thesis Overview . . . . . . . . . . . 3

1.3 Contributions . . . . . . . ... 4
2 Background 6

2.1 Genomic Language of Life . . . . .. . ... .. ... .



2.2
2.3

24

2.5

2.6

2.7

Evolutionary Taxonomy . . . . . . . . .. . ... 10

DNA Representations . . . . . . . . . ... 12
2.3.1 Ordinal Encoding . . . . . . . .. ... o 12
2.3.2 One-hot Encoding . . . . .. .. ... ... o 13
2.3.3 Frequency of K-mers . . . .. ... L 14
2.3.4 Chaos Game Representation . . . . . . ... ... .. ... ..... 15
2.3.5  Subword Tokenization Methods . . . . . . ... .. ... ... ... 19
2.3.6 Additional Methods for DNA Representation . . . . . .. ... ... 20
Sequence Alignment and Comparison Techniques . . . . . ... ... ... 20
2.4.1 Global Alignment . . . . . . ... ... ... 21
2.4.2 Local Alignment . . . . . . ... 22
2.4.3 Multiple Sequence Alignment . . . . .. ... ... ... ... 23
2.44 BLAST (Basic Local Alignment Search Tool) . . . ... ... ... 24
2.4.5 Sequence Comparison Techniques Beyond Traditional Alignment . . 25
Supervised Machine Learning . . . . . . ... ... ... ... ... ... 26
2.5.1 Support Vector Machines (SVMs) . . . . .. .. .. ... ... ... 27
2.5.2  Artificial Neural Networks . . . . . . . ... .. ... ... ... .. 28
Unsupervised Machine Learning . . . . . . . .. ... ... ... .. .... 32
2.6.1 K-Means . . . . . ... 33
2.6.2 Gaussian Mixture Models . . . . . . .. ... 0 0L 34
2.6.3 Hierarchical Clustering . . . . . . . .. ... ... ... ... .... 34
2.6.4 Contrastive Clustering . . . . . . . . . ... ... ... ... .... 35
2.6.5 Dimensionality Reduction . . . . . .. ... ... 36
Machine Learning Evaluation Metrics . . . . . . . . ... .. ... .. ... 38
2.7.1 Classification Accuracy . . . . . . . . . . . ... 38
2.7.2 Clustering Accuracy . . . . . . . . . i 39
2.7.3 Normalized Mutual Information (NMI) . . . .. ... ... ... .. 40

X1



2.7.4 Adjusted Rand Index (ARI) . . . . .. ... ... L. 41

2.7.5 Silhouette Coecient . . . . . . . . . .. . .. .. .. 41
2.8 Recent Applications and Relevant Technologies . . .. ... ........ 42
2.8.1 Machine Learning with Digital Signal Processing (ML-DSP) . ... 42
2.8.2 Viral Genome Deep Classier (VGDC) . . ... ... .. ...... 43
283 MeShClustv3.0 . . . . . . . . 44

DeLUCS: Deep Learning for Unsupervised Clustering of DNA Sequences 45

3.1 Introduction . . . . . . . e 46
3.2 Related Work . . . . . . .. e 48
3.2.1 Supervised Machine Learning Approaches . . .. .. ... .. ... 49
3.2.2 Unsupervised Machine Learning Approaches . . . . ... ... ... 50
3.3 Materialsand Methods . . . . . ... ... .. ... 52
3.3.1 Method Overview . . . . . . . . . . e 52
3.3.2 Invariant Information Clustering (IIC) . . . ... ... ... .... 54
3.3.3 Generation of Mimic Sequences . . . . .. ... ... ... ... .. 56
3.3.4 Articial Neural Network (ANN) Architecture . . . . ... ... .. 56
3.35 Evaluation . . . .. ... ... 58
3.3.6 Implementation . . . . .. .. ... .. ... ... 59
3.3.7 Datasets . . . . . . ... 59
3.4 Results . . . . . . e 64
3.4.1 Qualitative and Quantitative DeLUCS Performance Results . ... 64
3.4.2 Methodology Results . . . . .. ... ... .. .. .. .. ... 73
3.5 DISCUSSION . . . . . o e e e 76
3.6 Conclusions . . . . . . .. e 78

Xii



4 Machine Learning Methods for Taxonomic Classication of Emerging

Astroviruses 80
4.1 Introduction . . . . . . . 81
4.2 Materialsand Methods . . . . . . . .. ... 83
421 Datasets . . . . . . . e 84
4.2.2 Overview of the Methodological Pipeline . . . ... ... ... ... 85
4.2.3 An Optional Initial Component of Eliminating Recombinant Sequences 87
4.2.4 Prong 1: Supervised Machine Learning . . . . .. ... ... .... 89
4.2.5 Prong 2: Unsupervised Machine Learning . . . .. ... ... ... 92
4.2.6 Selectionok-mer Size . . .. ... ... .. .. ... 0 95
4.2.7 Astrovirus Near-Neighbour Analysis (Potyvirus) . . . . ... .. .. 97
4.2.8 Computational Setup . . . . . .. ... ... .. 98
4.3 Results. . . . . . . e 99
4.3.1 Identi cation and Elimination of Recombinant Sequences . . . . . . 99
4.3.2 Classi cation of Unclassi ed Astroviruses with Mammal and Avian
HOStS . . . . . . e 99
4.3.3 Classication of Unclassi ed Astroviruses with Hosts Other than
Mammals and Avian Species . . . . . . . . .. ... . oL 104
4.3.4 A Closer Look at Genera Mamastrovirus and Avastrovirus . . . . . 105
4.4 DISCUSSION . . . . o v 109

5 CGRclust|Advanced Clustering of DNA Sequences Using Twin Con-

trastive Learning 112

5.1 Introduction . . . . . . . . .. e 113

5.2 Related Work . . . . . . . . . e 114

5.3 Materials and Methods . . . . . . . . ... 115
5.3.1 Datasets . . . . . . .. e e 116
5.3.2 Method Overview . . . . . . . . . . e 119
5.3.3 DNA Data Augmentation: Mimic Sequences . . . . ... ... ... 123

Xiii



5.3.4 Twin Contrastive Learning . . . . . . . . .. . ... ... ... ... 125

5.3.5 Backbone Model Architecture . . . . . .. ... .. ... ... ... 129
5.3.6 Majority Voting Scheme . . . . .. ... ... ... . 129
5.3.7 Condence Interval for Clustering Accuracy . .. ... ... .... 131
5.3.8 Experimental Settings and Implementation . . . . .. ... .. ... 133
54 Results . . . . . . e 134
5.4.1 Qualitative Performance of Twin Contrastive Learning . . . .. .. 134
5.4.2 Quantitative Performance Analysis and Comparison with Other Meth-
00S . . . e 135
5.4.3 Summative Observations . . . . . .. .. ... ... ......... 140
55 DISCUSSION . . . . . o i e e e e 141
56 Conclusions . . . . . . . .. e 144
6 Summary and Future Directions 145
References 149
APPENDICES 182
A Proposed Classi cation for As-yet Unclassi ed Astroviruses 183

A.1 3PCM's Proposed Classi cation with Inclusion of Candidate Recombinants 184

A.2 3PCM's Proposed Classi cation with Exclusion of Candidate Recombinants 186

Comparative Evaluation of CGRclust with Phylonium 188

Xiv



List of Figures

1.1

2.1
2.2
2.3
2.4
2.5

2.6
2.7
2.8

3.1

3.2
3.3
3.4

3.5
3.6
3.7

Mitochondrial DNA Chaos Game Representation of human, chimpanzee,

andgoldsh . . .. .. . . . ... 3
Double helix and chemical structure of DNA . . . . . ... ... ... ... 8
The central dogma of molecular biology . . . . . . . . ... ... ... ... 10
Visualization of thek-mer counting method for a DNA sequence . . . . . . 14
CGR square labelling and sequence representation . . . . .. .. ... ... 17
Frequency chaos game representation of real and computer-generated DNA
SEUENCES . . . v v i e e e e e e e e e 18
[llustration of linear SVM classi er separatingtwo classes . . . . . ... .. 27
Architecture of a neural network . . . . . . . ... ..o oL 29
Architecture of a convolutional neural network . . . . . .. ... ...... 31

Machine learning-based alignment-free methods for classi cation/clustering
Of DNA SEqQUENCES . . . . . . . o i e e e e e e e e e s e e 49

DeLUCS pipeline . . . . . . . . . . e e 53
Architecture of the deep arti cial neural network used in DeLUCS pipeline 57

DeLUCS learning process for the clustering of mtDNA full genomes into ve

dierentclusters. . . . . . . . . . . .. e 65

DeLUCS confusion matrices for mtDNA dataset . . . . . . ... ... ... 67
DeLUCS confusion matrices for bacteria dataset . . . . .. ... ... ... 69
DeLUCS confusion matrices for viral dataset . . . . . . ... ... ..... 71

XV



3.8 The e ect of the number of mimic sequences on clustering accuracy . ... 74
3.9 Learning curves for the training process of DeLUCS with, and without the

addition of Gaussian noise to the parameters of the networks . . . . . . .. 75
3.10 Comparison between training a single ANN, versus using majority voting

between 10 ANNs to decide the nal cluster label in DeLUCS . . . . . .. 76
4.1 An overview of Three-Pronged Classi cation Method (3PCM) . . . . ... 88

4.2 Confusion matrix for the clustering of astrovirus whole genomes into the
Avastrovirus and Mamastrovirus genera usingk -Means++ algorithm in

Prong 2 of 3BPCM . . . . . . . . e 94
4.3 E ect of k-mer size in the performance of 3PCM's Prong 1 and Prong 2 . . 96
4.4 Taxonomic classi cation of class Stelpaviricetes . . . .. ... ... .... 97

4.5 Confusion matrices for classi cation of unclassi ed astroviruses, using Prong
land Prong 2 of 3BPCM . . . . . . . .. 101

4.6 A comparison of as-yet unclassi ed sequences obtained from hosts Amphibia,
Actinopterygii, and Reptilia with 875 astrovirus sequences belonging to Ma-

Mastrovirus or Avastrovirus . . . . . . . . . ..o 106
4.7 3D PCA data visualizations of Mamastrovirus and Avastrovirus sequences

k-mer frequencies . . . . . . . .. e 107
5.1 Overview of the CGRclust pipeline . . . ... .. ... ... ........ 122
5.2 E ect of the weight parameter in the CGRclust training loss function . . 128
5.3 3D visualization of CGRclust temperature parameters optimization . .. . 130
5.4 Architecture of CGRclust's backbone model . . . .. ... ... ...... 131
5.5 E ect of majority voting scheme in CGRclust pipeline . . ... ... ... 132
5.6 CGRclust's evolution of clustering Cypriniformes mtDNA sequences . . . . 136

XVi



List of Tables

3.1

3.2

3.3

3.4
3.5
3.6
3.7

4.1

4.2

4.3

4.4

4.5

4.6

Details of the datasets used in computational tests 1 through 6 (full verte-

brate mitochondrial genomes) of DeLUCS . . . . .. .. ... ... .. .. 61
Details of the datasets used in computational tests 7 and 8 (randomly se-
lected bacterial genome segments) of DeLUCS . . . . ... ... ... ... 63
Details of the datasets used in computational tests 9, 10 and 11 (viral
genes/genomes) of DeLUCS. . . . . . . . . . . . ... ... .. 0. 64
Clustering/classi cation accuracies for the mtDNA datasets . . . . .. .. 66
Clustering/classi cation accuracies for the bacterial datasets . . . . . . .. 68
Clustering/classi cation accuracies for the viral datasets . . . . ... ... 70

Comparison of DeLUCSK -Means++, and GMM across all eleven compu-
tational tests . . . . . .. 72

Description of Dataset 1 containing 992 viral genomes belonging to the fam-

ily Astroviridae . . . . . . . . . e 85
Description of Dataset 2, a subset of Dataset 1 consisting of sequences with
available ground truth. . . . . . . ... L 85
Distribution of the hosts of the 308 astrovirus genomes in Dataset 1 that

are as-yet unclassied atthe genuslevel. . . .. ... ... ... ...... 86
Description of Dataset 3, consisting of astrovirus genomes in Dataset 1 that

are as-yet unclassi ed and have mammalian/avian hosts . . . . .. .. .. 86
Comparative classi cation accuracy of fteen supervised classi er candidates

for SBPCM . . . . . e 91
Comparative classi cation accuracy of 3PCM's Prong 1 vs. ML-DSP and
VGDC methods . . . . . . . . . . e 92



4.7 Performance of Prong 2 in clustering astrovirus whole genomes usikg
Means++, GMM, and hierarchical clustering algorithms . . . . . . .. .. 93

4.8 Performance of 3PCM's Prong 2 against three state-of-the-art alignment-free
machine-learning viral genome clustering methods (DeLUCH)eLUCS, and
MeShClust v3.0) . . . . . . . . . e 95

4.9 Description of dataset comprising 2,422 Stelpaviricetes viral genomes . .. 98

4.10 Performance of Prong 1 and Prong 2 applied to the classi cation/clustering
of RNA sequences of the Stelpaviricetes class into famiystroviridae and
family Potyviridae . . . . . .. .. . . .. ... . 98

4.11 Performance of Prong 1 and Prong 2 applied to the classi cation/clustering
unclassi ed astroviruses into Mamastroviruses and Avastroviruses . . . . . 102

4.12 Number of as-yet unclassi ed viral genomes for which two or all three, of
the prongs, agree in their genus label prediction . . . ... ... ... ... 103

4.13 Description of the dataset including astrovirus genomes belonging to Avas-
trovirus and Mamastrovirus genera, augmented with astrovirus genomes of
unknown genus and having one of the Reptilia, Actinopterygii, or Amphibia
hosts . . . . . . . e 105

4.14 Performance of Prong 1 and Prong 2 applied to the classi cation/clustering
of Mamastrovirus sequences intélAstV and Non-HAstV Mamastrovirus . 108

4.15 Performance of Prong 1 and Prong 2 applied to the classi cation/clustering
of Avastrovirus sequences int@oAstV and Non-GoAstV Avastrovirus . . 110

5.1 Details of CGRclust Group 1 dataset (Cypriniformes full mitochondrial

OENOMES) . . v v v o e et e e e e e e e e e e e e 117
5.2 Details of CGRclust Group 2 dataset (viral whole genomes) . . ... ... 119
5.3 Details of CGRclust Group 3 dataset (mtDNA of Insects, Protists, and Fungi)120
5.4 Details of CGRclust Group 4 dataset (synthetic sequences) . . . .. .. .. 121
5.5 Comparison of various augmentation techniques in CGRclust pipeline . . . 125
5.6 Optimal threshold values across datasets for MeShClustv3.0 . . . . . . .. 135

5.7 CGRclust performance of clustering the Group 1 dataset (Cypriniformes
MIDNA) . . o o 137

5.8 CGRclust performance of clustering the Group 2 dataset (viral whole genomes)138

XViii



5.9 CGRclust performance of clustering the Group 3 dataset (mtDNA of Insects,

Protists, and Fungi) . . . . . . . . . . L 139
5.10 CGRclust performance of clustering the Group 4 dataset (the synthetic

datasets) . . . . . ... e 140
5.11 CGRclust trainingtime. . . . . . . . . . . . . . . e 142

A.1 Accession IDs of the proposed Avastroviruses when all three prongs agreed
onthe classication. . .. .. ... ... .. .. .. ... 184

A.2 The Accession IDs of the proposed Avastroviruses when there was an agree-
ment between Prong 1 and Prong 2 on the classi cation, but they disagreed

with Prong 3. . . . . . . . 184
A.3 Accession IDs of the proposed Mamastroviruses when all three prongs agreed
ontheclassication. . ... ... .. ... . ... .. .. ... ... 185

A.4 The Accession IDs of the proposed Mamastroviruses when there was agree-
ment between Prong 1 and Prong 2 on the classi cation, but they disagreed

with Prong 3. . . . . . . . e 185
A.5 Accession IDs of the proposed Avastroviruses when all three prongs agreed
ontheclassication . . . . . . . . . ... ... 186

A.6 The Accession IDs of the proposed Avastroviruses when there was an agree-
ment between Prong 1 and Prong 2 on the classi cation, but they disagreed

with Prong 3. . . . . . . . . e 186
A.7 Accession IDs of the proposed Mamastroviruses when all three prongs agreed
onthe classication. . .. ... .. . . . .. ... e 187

A.8 The Accession IDs of the proposed Mamastroviruses when there was an
agreement between Prong 1 and Prong 2 on the classi cation, but they
disagreed with Prong 3. . . . . . . . . . . . 187

B.1 Comparison of clustering accuracies between CGRclust and phylonium for
ve out of twenty- ve datasets where phylonium successfully generated dis-
tance matrices. . . . . . . ... e 189

XiX



Chapter 1

Introduction

1.1 Motivations

The rapidly evolving eld of genomics generates vast amounts of DNA sequence data,
presenting both unique opportunities and signi cant computational challenges [248]. Bio-
diversity, de ned as the variety of life in the world or in a particular habitat or ecosystem,

is a critical area of study that bene ts from this rapid evolution in genome sequencing tech-
nology. Recent estimates suggest that we have only described a small percentage of Earth's
total biodiversity: For eukaryotes, only about 14% of species on Earth and 9% of species
in the ocean have been indexed in central databases [205]. The percentage for microbes is
likely even lower, which highlights the scale of unexplored genetic diversity [183].

Traditional methods for analyzing DNA sequence data, which often rely on sequence
alignment, are computationally expensive and may fail as data volumes expand and se-
guence diversity increases [153]. Additionally, these methods can struggle with the preci-
sion needed for detailed taxonomic classi cation at the microbial level, which is essential
for understanding biodiversity and evolutionary biology [323, 76]. In response to these
challenges, alignment-free methods have emerged as computationally more e cient alter-
natives, allowing for the rapid analysis of large genomic datasets. This is particularly valu-
able in biodiversity studies, where researchers often deal with massive amounts of sequence
data from numerous species. Importantly, these methods facilitate inclusive analyses across
the entire tree of life, allowing comparisons that span multiple domains and enhance our
understanding of evolutionary relationships [333].

Advances in genomics require new technologies for identifying species that can handle
the increasing amount of data and keep up with the fast discovery of new species. This
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thesis is motivated by the urgent need for scalable, accurate, and e cient computational
tools that leverage the power of modern machine learning to provide deeper insights into
genomic data. These tools must overcome the limitations inherent in traditional methods,
facilitating rapid and precise classi cation|determining the exact category or taxon of
DNA sequences|and clustering|grouping sequences based on genetic similarities with-
out prede ned categories. Both processes are critical for advancing our understanding
of genetic relationships and biodiversity, with clustering playing a vital role in revealing
evolutionary dynamics and the emergence of new genotypes, strains, and species.

With the increasing complexity of genomic data, advanced techniques are needed to
handle large amounts of information e ectively. This complexity arises from the exten-
sive length of genomes, the diversity across the tree of life, the varying degrees of genetic
divergence, and the internal sequence characteristics such as repeats and rearrangements.
These factors demand robust computational tools to handle the scale, diversity, and dy-
namics of genomic data e ciently [107]. Machine learning, particularly deep learning, is
well-suited for this task due to its ability to detect complex, underlying patterns in large
datasets [204]. Both classi cation and clustering are fundamental concepts in machine
learning, addressing di erent learning paradigms that enable accurate identi cation and
grouping of DNA sequences.

Genomic signatures are distinctive patterns or subsequences found within the DNA of
organisms that uniquely characterize di erent species [147]. These signatures are crucial for
accurately identifying and di erentiating species, providing a basis for genetic analysis and
classi cation. An example of such a signature is the Chaos Game Representation (CGR),

a graphical method for representing DNA sequences [21, ]. This DNA representation is
considered a genomic signature since the CGR of sequences from closely related organisms
are more similar than that between distantly related ones. Some examples of CGRs of
real DNA sequences are illustrated in Figure 1.1. By leveraging such signatures, machine
learning models can signi cantly enhance their predictive accuracy and provide deeper
insights into genetic diversity and evolutionary relationships [309].

By developing and implementing new machine learning models speci cally designed for
classifying and clustering DNA sequences, this research aims to bridge the gap between
biological data collection and its analytics and interpretation, contributing to the elds
of computational biology and bioinformatics. These advanced models enhance our abil-
ity to detect, identify, and understand complex biological patterns quickly and accurately,
directly from primary DNA sequences without relying on prior annotations. Moreover,
by automating and improving the accuracy of DNA classi cation and clustering, we can
make genetic research much more e cient, improving the e ciency and resources needed
to extract useful information from large datasets. Ultimately, this work aims to provide
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Figure 1.1: Chaos Game Representation (CGR) of mitochondrial DNA sequences show-
casing genetic diversity across species. (a) CGRbmo sapiens(human) mitochondrial
DNA, 16,569 bp (accession ID: KX228192.1). (b) CGR d?an troglodytes(chimpanzee)
mitochondrial DNA, 16,554 bp (accession ID: N©01643.1). (c) CGR ofCarassius langs-
dori (gold sh) mitochondrial DNA, 16,578 bp (accession ID: AB006953.1). These rep-
resentations visually encapsulate the unique genomic signatures of each species, enabling
comparative analysis of their genetic structures and evolutionary relationships. Note the
relative similarity between (a) and (b).

scientists with useful tools for studying the diversity of life, potentially aiding in the discov-
ery and classi cation of new taxonomic groups, and o ering insights that may contribute
to healthcare-related research.

1.2 Thesis Overview

This dissertation is structured to address the computational challenges in taxonomic classi-
cation and clustering of DNA sequences through advanced machine learning approaches.
It is organized into six chapters as follows:

" Chapter 1. Introduction | This chapter sets the stage by discussing the mo-
tivations behind the thesis, the importance of advanced computational methods in
genomics, and outlines the structure of the thesis. It also highlights the key contri-
butions of this research, including the development of novel machine learning models
for taxonomic classi cation and clustering of DNA sequences.

" Chapter 2: Background | Provides a comprehensive overview of the biological
and computational foundations necessary for understanding DNA sequence analysis.
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It covers the basic principles of genomic structures, evolutionary taxonomy, various
DNA representations, and traditional as well as modern computational techniques
used for sequence alignment and comparison.

Chapter 3. DeLUCS: Deep Learning for Unsupervised Clustering of DNA
Sequences | Introduces \DeLUCS", a novel deep learning-based method designed
for the unsupervised clustering of DNA sequences. This chapter details the method-
ology, implementation, and validation of the model using diverse datasets.

Chapter 4. Machine Learning Methods for Taxonomic Classi cation of

Emerging Astroviruses | Discusses the application of supervised and unsuper-
vised machine learning methods to classify emerging astroviruses, detailing the datasets,
methodological approaches, and the results from computational experiments.

Chapter 5: CGRclust|Advanced Clustering of DNA Sequences Using

Twin Contrastive Learning | Presents \CGRclust", a novel method utilizing
twin contrastive learning for clustering DNA sequences. This chapter explores the
algorithm's design, its experimental setup, and the comparative analysis with other
clustering methods.

Chapter 6: Summary and Future Directions | Summarizes the ndings of the
thesis, discusses the implications of the research, and suggests future research paths
based on the results of the current study.

Each chapter builds upon the previous ones, creating a coherent narrative that demon-

strates how machine learning enhances the methods and processes used in genomic analysis.
It also highlights the development of computational tools that facilitate signi cant biolog-
ical discoveries, advancing our understanding of genetic relationships and biodiversity.

1.3 Contributions

This thesis makes several signi cant contributions to the eld of bioinformatics, particularly
in the taxonomic classi cation and clustering of DNA sequences using advanced machine
learning techniques. The key contributions of this research are as follows:

1. Development of DeLUCS: A novel deep learning framework designed for unsu-

pervised clustering of DNA sequences. DelLUCS leverages the power of invariant
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information clustering to enhance the accuracy and e ciency of unsupervised learn-
ing in genomic contexts. This framework has been tested across diverse datasets,
demonstrating superior performance compared to existing methods.

2. Novel classi cation of emerging astroviruses: Introduction of a three-pronged
methodology combining both supervised and unsupervised machine learning tech-
nigues with the incorporation of information about host species to accurately clas-
sify emerging astroviruses. This approach includes a novel initial component that
enhances the robustness of the classi cation by systematically eliminating recombi-
nant sequences that could skew the analysis.

3. CGRclust algorithm:  Presentation of CGRclust, an advanced clustering technique
utilizing twin contrastive learning. This method signi cantly improves upon tradi-
tional clustering algorithms by incorporating a novel DNA data augmentation pro-
cess and a backbone model architecture tailored for high-dimensional genomic data.
CGRclust re nes the clustering process and provides a methodological framework
that can be adapted for other complex biological data types.

4. Comprehensive evaluation and Benchmarking: Extensive evaluation of the
proposed methods against state-of-the-art techniques using standard metrics such as
classi cation accuracy, clustering accuracy, Normalized Mutual Information (NMI),
and the Adjusted Rand Index (ARI). This comprehensive benchmarking provides
a robust validation of the methods and highlights their potential applicability in
broader genomic studies.

5. Application and implications: Demonstration of the practical applications of the
developed techniques in real-world biological data analysis. This includes insights
into the evolutionary biology of viruses, potential identi cation of novel viral species,
and contributions to the understanding of genetic diversity through more re ned
taxonomic classi cation.

The methodologies developed in this thesis represent a signi cant advancement in the
capabilities of machine learning applications in genomics, o ering scalable, accurate, and
e cient tools that are crucial for the modern demands of biological research and discovery.



Chapter 2

Background

This chapter provides an overview of the basic biological concepts and computational

methods relevant to the study of classi cation and clustering of DNA sequences using

machine learning. This overview serves as the foundation for subsequent chapters of this
thesis. This chapter is divided into eight sections:

N

Genomic Language of Life : This section introduces the fundamental biological
structure of DNA and its signi cance in biological processes. It explains the chemi-
cal structure of DNA, the role of nucleotides, and the principles of the double helix
con guration. The concept of the central dogma of molecular biology is discussed,
highlighting the processes of transcription and translation which convert genetic in-
formation from DNA to proteins.

Evolutionary Taxonomy : This section focuses on the classi cation of organisms
based on evolutionary relationships and morphological characteristics. It covers tra-
ditional approaches and the integration of molecular data from DNA sequencing,
enhancing the accuracy and depth of taxonomic classi cations.

DNA Representations : The transition from biological sequences to a format suit-
able for computational analysis is explored in this section. Multiple methods of DNA
representations, such as ordinal encoding, one-hot encoding, and the us&-afers,
are discussed, detailing how these representations preserve biological information
while preparing data for computational processing and machine learning.

Sequence Alignment and Comparison Techniques : This section details the
computational methods used to identify similarities in genomic sequences, which
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suggest functional or evolutionary relationships. It explains both global and local
alignment techniques, including the Needleman-Wunsch and Smith-Waterman algo-
rithms, as well as the application of multiple sequence alignment for comparative
genomic studies.

Supervised Machine Learning : This section outlines the application of supervised
machine learning algorithms to genomic data analysis, discussing speci ¢ models such
as Support Vector Machines (SVMs) and neural networks, and their relevance to DNA
sequence classi cation.

Unsupervised Machine Learning : This section explores clustering and other
unsupervised techniques that identify patterns and structures in unlabelled genomic
data. It covers approaches from traditional clustering algorithms such as-Means

to more advanced methods incorporating deep learning. This section also discusses
dimensionality reduction techniques that simplify the analysis of high-dimensional
data, crucial for enhancing computational e ciency and visualization.

Machine Learning Evaluation Metrics . This section provides a comprehensive
guide to the metrics used to evaluate the performance of machine learning models in
both supervised and unsupervised contexts.

Recent Applications and Relevant Technologies : The section reviews recent
applications and technologies in genomic research, including advanced tools for DNA
sequence classi cation and clustering, and will set the stage for the methodologies
developed in this thesis.

2.1 Genomic Language of Life

Deoxyribonucleic acid (DNA) is a molecule that contains the genetic materials used in
the growth, development, functioning, and reproduction of all known living organisms
and many viruses. During reproduction, DNA, along with the instructions it contains,

is passed from adult organisms to their o spring [128]. As shown in Figure 2.1, double-
stranded DNA commonly consists of two polynucleotide strands that twist around each
other to form a structure known as adouble helix although it can also exist as a single
strand during certain biological processes. Every single-stranded DNA sequence is made
up of simpler units known asnucleotides each composed of a phosphate group, a ve-
carbon sugar called deoxyribose, and one of four nitrogenous bases: adenine (A), thymine
(T), cytosine (C), and guanine (G). The two strands of DNA are oriented in opposite
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Figure 2.1: lllustration of a DNA double helix with detailed chemical structure, and color-
coded labels for the four nitrogenous bases: adenine (A), thymine (T), cytosine (C), and
guanine (G). This representation emphasizes the molecular structure and base pairing rules
of DNA, and illustrates the orientation of DNA strands, marked by the 5' to 3' and 3' to

5' directions.

directions, one from the 5' end to the 3' end and the other from the 3' end to the 5' end,
a con guration known as anti-parallel. The numbers 5" and 3' refer to the carbon atoms
in the sugar component of the nucleotide The 5' end has a phosphate group attached to
the fth carbon atom of the sugar, while the 3' end has a hydroxyl group attached to the
third carbon atom of the sugar. To create the double helix structure of DNA, the four
nucleotides on opposing strands are linked by hydrogen bonds. In DNA, each nucleotide
in one strand pairs with a nucleotide in the opposite strand: adenine pairs with thymine,
and cytosine pairs with guanine. Based on this pairing rule, the sequence of one strand
determines the sequence of its complementary strand. This opposite orientation is critical
for DNA replication and transcription, as it enables enzymes such as DNA polymerase,
which synthesizes complementary DNA strands during replication, to function e ectively.
Additionally, this orientation is vital for the mechanisms of DNA repair, allowing repair
enzymes to accurately identify and correct errors [7].

While DNA is the primary genetic material in all living organisms, viruses|which
are not considered living organisms|exhibit a diversity in their genetic materials. Some
viruses, such as in uenza and coronaviruses, rely upaibonucleic acid (RNA), instead
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of DNA. Viral genomes can vary signi cantly, including RNA or DNA, and can be either
single-stranded or double-stranded. In contrast to DNA, RNA contains the sugar ribose in
place of deoxyribose and uses the nucleobase uracil (U) instead of thymine (T) [87]. The
entire DNA in an organism|or RNA in the case of RNA viruses|forms its genome which

is de ned as the complete set of genetic instructions essential for building and maintaining
that organism. DNA sequences are organized intthromosomeseach a single, contiguous
sequence that not only carries genetic information but also plays a crucial role in ensuring
the accurate distribution of DNA during cell division. An organism's genome may com-
prise multiple chromosomes, representing di erent contiguous sequences that collectively
contain the complete set of genetic instructions [302]. The study of genomesjincluding the
structure, annotation, function, inheritance, divergence, and evolution of genetic materi-
als|is known as genomics This eld explores how genetic material is arranged, expressed,
and regulated within an organism, providing insights into the biological complexities that
de ne genetic identity and variability.

Central to the role of DNA in cellular processes is theentral dogma of molecular
biology, which explains the ow of genetic information within a cell: DNA istranscribed
into messenger RNA (mRNA), which is thertranslated into proteins. Speci cally, a protein
is a chain ofamino acids (there are 20 di erent amino acids), and an RNA sequence is
translated into a protein according to a mapping called thgenetic code The genetic code
maps each 3-letter DNA/RNA subsequence, called @don to a speci c amino acid [57].

In this process, transfer RNA (tRNA), which carries speci ¢ amino acids based on the
sequence of the messenger RNA (mMRNA), moves to thibosome a complex molecular
machine that synthesizes proteins. The ribosome, composed of ribosomal RNA (rRNA)
and proteins, consists of two major subunits: one reads the mRNA sequence while the
other catalyzes the assembly of the carried amino acids into protein chains. Ribosomal
RNA plays a critical role in the structural and catalytic functions of the ribosome, ensuring
the correct alignment and linking of amino acids.

In cells, proteins perform a variety of functions, including acting as enzymes, struc-
tural components, and signaling molecules. The synthesis of proteins is directedd®nes
speci ¢ sequences of DNA that serve as the templates for producing proteins through the
processes dfanscription and translation. The information ow within a cell, as well as the
processes of transcription and translation, are illustrated in Figure 2.2. The regulation of
these processes is managed by various genetic elements such as promoters and enhancers,
which are speci c DNA sub-sequences. Promoters initiate the transcription of genes, while
enhancers boost transcription levels, ensuring proteins are synthesized at the right times
and in required amounts. As a result, DNA may not only be viewed as a series of instruc-
tions but as an active language, directing and in uencing cellular functions and processes
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Figure 2.2: The central dogma of molecular biology outlines the ow of genetic information
from DNA to RNA to protein. Genetic information, consisting of nucleotide sequences in
DNA that encode instructions for building proteins, is transcribed into messenger RNA
(mMRNA) and then translated into proteins. These proteins are complex molecules that
perform various cellular functions.

in the form of proteins.

Within a gene, regions known asxonsand introns play critical roles. Exons, the coding
regions, are sequences that are transcribed and translated into proteins, while introns,
the non-coding regions, are sequences that are transcribed but removed before mRNA
translation and do not translate into proteins. Consequently, not all sequences in the
genome are translated into proteins; much of the genome consists of non-coding regions
and repetitive sequences, which serve regulatory and structural functions or whose roles
are yet to be fully understood.

In the following sections, although our discussion will predominantly focus on DNA,
it is important to note that the principles and mechanisms described also apply to RNA,
providing a broader understanding of genetic functions across di erent types of organisms.

2.2 Evolutionary Taxonomy

Evolutionary taxonomy, also known as classical taxonomy, is a branch of biological clas-
si cation that categorizes organisms based on their evolutionary relationships, focusing
on genetic relatedness to determine how species are interconnected through evolutionary
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history. The origins of taxonomy can be traced back to Aristotle, who is often regarded
as the rst taxonomist due to his early attempts to classify living organisms based on
their characteristics [69]. Evolutionary taxonomy, however, has its roots in the pioneering
work of early naturalists such as Carl Linnaeus, who developed a system for naming and
classifying organisms [324]. Although modi ed, this system is still in use today, underlying
much of modern taxonomy."

Evolutionary taxonomists often employ a holistic approach to taxonomy, considering
a wide array of characteristics from fossil records, comparative anatomy, embryology, and
increasingly, molecular data. This broad base of evidence helps to provide a more com-
prehensive understanding of the evolutionary pathways and connections among di erent
species [193].

In recent years, the advent of molecular genomics has transformed the landscape of
taxonomy. DNA sequencing has provided a new and powerful tool for determining evolu-
tionary relationships with greater precision. As a result, modern evolutionary taxonomy
increasingly relies on DNA sequencing data, leading to more robust and accurate classi ca-
tions. DNA sequencing, allows taxonomists to compare genetic material directly, providing
a quantitative method to measure di erences and similarities at the molecular level. This
approach is particularly useful in cases where morphological characteristics are conver-
gent or exhibit plasticity (ability to adapt to di erent conditions), leading to potential
misclassi cation [255].

One prominent example of the use of molecular genomics in taxonomy is the use of
mitochondrial DNA (mtDNA) sequencing. Because of its high mutation rate and ma-
ternal inheritance, mtDNA is ideal for studying evolutionary relationships among closely
related species. The Barcode of Life project [115] utilizes a short genetic marker in the
mitochondrial DNA intending to develop a comprehensive and universal system for species
identi cation. Speci cally, it uses a portion of the cytochrome ¢ oxidase | (COI) gene,
called a DNA barcode, to identify species. The barcode region of the COI gene typically
ranges between 648 to 658 base pairs in most animals. Another example of incorporating
molecular genomics in taxonomy is the use of ribosomal RNA (rRNA) gene sequencing,
which has been fundamental in reconstructing the phylogenies of life. The 16S ribosomal
RNA gene, used primarily for classifying prokaryotes (bacteria and archaea) [138, 1,
and the 18S rRNA gene, used for eukaryotes [177, 36], are conserved enough to maintain
basic genetic functionality but variable enough to provide evidence of speciation over time.

Molecular techniques have led to a revised understanding of numerous organisms and
a deeper understanding of the tree of life [135, : ]. The integration of molecular
genetics into taxonomy is critical for elds such as conservation biology and ecology where
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precise taxonomic resolutions can have signi cant practical implications. Furthermore, in
medicine, understanding the precise taxonomy of pathogens enhances disease diagnosis and
treatment strategies, ultimately in uencing public health outcomes [100].

2.3 DNA Representations

To unravel the complex functions and mechanisms of biological systems, understanding the
complex language of DNA is crucial. For the e ective application of computational tech-
nigques to analyze and infer new biological hypotheses from DNA sequences, it is essential
to transform the raw sequences of nucleotides into a format that computational models
can e ectively process (i.e., numerical values). This transformation is facilitated bipNA
representations which convert the sequence of nucleotides into numerical formats that
retain essential biological information while making the data suitable for computational
analysis. This process is particularly critical when analyzing extensive genomes, such as
the human genome, which contains approximately 3 billion base pairs [214] across 23 pairs
of chromosomes.

DNA representations translate DNA sequences into discrete numerical representations
while attempting to capture the intrinsic properties of DNA sequences, including sequence
patterns and structural similarities. These numerical representations enable models to per-
form exceptionally well in applications such as sequence classi cation, function prediction
(inferring the biological role of genes or proteins), and evolutionary studies. DNA represen-
tation is a crucial step in applying advanced machine-learning techniques to genomic data,
ultimately enhancing our comprehensive understanding of complex biological data [310].
In the following subsections, we will explore some of the most popular methods for DNA
embeddings, each providing unique advantages for the processing and analysis of genomic
sequences.

2.3.1 Ordinal Encoding

Ordinal encoding, also referred to as sequential encoding, converts DNA sequences into
numerical values by assigning each nucleotide (A, T, G, C) a speci ¢ numerical value; for
instance, A=0.25, T=0.5, G=0.75, and C=1 [310]. Several variations in numerical assign-
ments for nucleotides have been introduced and explored in numerous studies [236, 58, 51].
This type of encoding is particularly useful for computational analyses, where a simple
numerical representation of the DNA sequence is needed. However, it is important to note
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that while ordinal encoding provides a straightforward numeric representation, it may not
always capture the complex biological relationships between nucleotides. While the encod-
ing assigns numerical values to nucleotides, some of these values are arbitrary, creating an
arti cial ordinal relationship|where the order of values suggests a hierarchy that may not

re ect true biological signi cance|whereas others are grounded in the biological or chem-
ical properties of the nucleotides [236]. One limitation of this encoding approach is that
it fails to inherently reduce the dimensionality of the data, meaning it does not simplify
the number of variables or features represented. This becomes particularly problematic for
long sequences as it can lead to increased computational complexity and potential infor-
mation overload. Additionally, since machine learning algorithms typically require inputs

of uniform size, the variable length of encoded DNA sequences poses challenges in model
training and analysis, necessitating techniques such as truncating or padding sequences
with \0"s to achieve consistent vector lengths [26, ]

2.3.2 One-hot Encoding

One-hot encoding is a straightforward yet powerful method to represent DNA sequences.
In this method, each nucleotide is represented as a distinct binary vector of four bits with
one of them being hot (i.e., 1) while others being 0 [51]. Typically A is represented as
[0,0,0,1, Tas[0,0,1,0], Gas [0, 1, 0, 0], and C as [1, O, O, Q] in this DNA encod-
ing [310]. Alternatively, a more e cient two-digit binary encoding can also be employed,
using patterns such as 00, 01, 10, 11, which are frequently used in biocomputing. These
one-hot encoded vectors can either be concatenated or turned into two-dimensional arrays.
The simplicity of one-hot encoding makes it especially useful for initial machine learning
models where the interpretability of input features is crucial.

While one-hot encoding is simple to implement and understand, it does not capture
the sequential or contextual relationships between nucleotides, potentially limiting its ef-
fectiveness for more complex biological analyses. Each nucleotide is treated independently,
without regard to its neighbors, which can be a signi cant drawback when sequence con-
text plays a critical role in biological functions. Similarly to ordinal encoding, the issue of
high dimensionality for longer DNA sequences and variable-length encoding persists with
this method and can pose challenges in the application of machine learning techniques.
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Figure 2.3: Visualization of thek-mer counting method for a DNA sequence. A sliding
window of sizek = 6 moves along a sequence of length= 11, generating 11 6+1=6
overlapping 6-mers. This gure shows each unique position that thke-mer window can
occupy from the start to the end of the sequence.

2.3.3 Frequency of k-mers

A k-mer is a substring of lengthk in a DNA or RNA sequence. If we view DNA as
the language of life,k-mers can be considered words of length within this language.
Analyzing the frequency of all possible overlapping-mers of DNA sequences, in the form
of k-mer frequency vectors, is a popular technique in bioinformatics used to analyze and
compare the sequences. The process of creating #ener pro le of a DNA sequence, as
shown in Figure 2.3 involves sliding a window of siZe along the sequence. In a sequence
of length L, the total number of overlappingk-mers that can be generated by sliding the
window across the sequence Is Kk + 1, assuming L k. Additionally, the number

of possible di erent k-mer combinations in a DNA sequence (size of DNA \vocabulary"),
which comprises four nucleotides, is*4 Counting the occurrences of each uniquemer in
input DNA sequences can be used as feature vectors.

One of the primary advantages of using &-mer frequency vector as a DNA representa-
tion is its simplicity and the detailed insights it can provide into the sequence's compaosition.
This DNA embedding converts DNA sequences of di erent lengths into a uniform length
(4%) numerical vector, making them suitable as input for machine learning algorithms such
as classi cation and clustering of DNA sequences. The use of small valuek ptypically
ranging from 3 to 6, is particularly advantageous as it limits the representation space to
manageable levels, avoiding the exponential growth observed in largér gpaces. This
approach allows for a detailed yet computationally e cient analysis of frequent short sub-
sequences, facilitating faster processing and simpler pattern recognition in genomic data.
While there is no universally \optimal" k value for k-mer analysis, the sequence length sig-
ni cantly in uences the optimal k value. The relationshipk = log,(jsj), where|sj denotes
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the DNA sequence length, provides a theoretical minimum fde [25, 64]. Thisk value rep-
resents thek-mer size at which, assuming a uniform distribution ok-mers, each possible
k-mer would appear exactly once. Notably, in random sequences, the entropykefer
frequencies is maximized at thik-mer size [64]. The choice & necessitates lower values
for shorter genomic sequences, such as mitochondrial DNA and viral genes/genomes, where
k =[6;9] is often adequate [201, , 10]. Conversely, higlevalues (e.g.k  20) are re-
quired for larger nuclear genome fragments [266, ]. Furthermore, the selectiok afiay

vary depending on the speci c taxonomic level under study, with larger values generally
more suitable for analyzing relationships between closely related species [64]. Khmer

frequency vectors are used in several applications, such as genome assembly [272, 42, 1,
metagenomic studies [72, : , 30], phylogenetic analysis [304, 92, ] and many oth-
ers [59, , 62]. They are particularly valuable in identifyinggenomic signaturesthat

predict evolutionary relationships. Genomic signatures, de ned by Karlin and Burge [147]
are numerical quantities that can distinguish closely from distantly related organisms based
on DNA sequence identity.

The choice ok greatly impacts the resolution and e ectiveness of the biological analysis.
Smaller k values tend to capture more general features of the sequence and require less
computational power. In contrast, largerk values can capture more speci c and detailed
features but exponentially increase the size of the frequency vector and the computational
resources needed, especially for large genomic datasets. Choosing the optimal valle of
depends on the speci ¢ characteristics of the DNA sequences being analyzed, as well as
the objectives and limitations of the research [118]. It requires a customized approach to
ensure the analysis is both accurate and e cient.

Given the computational challenges associated with largemer vectors, approximating
the k-mer frequency becomes a practical necessity in many studies [188, ]. Approxima-
tion methods, such as probabilistic counting [321] or subsampling techniques [253], provide
a manageable way to estimat&-mer distributions without fully enumerating all possible
k-mers. Approximation methods fork-mer counting can be signi cantly faster and require
substantially less memory than exack-mer counting algorithms. However, a notable draw-
back of approximation over exactk-mer frequency counting is the potential for reduced
accuracy, as these methods can introduce sampling biases and error margins that might
a ect the quality of the genomic analysis.

2.3.4 Chaos Game Representation

Introduced by Barnsley in 1988, theChaos Gamealgorithm generates fractals by itera-
tively plotting points within a polygon starting from a randomly chosen initial position [21].
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Its extension, Chaos Game Representation (CGR)proposed by Je ery in 1990, is an in-
novative method of visualizing biological sequences (e.g., DNA/RNA) by mapping them
into a fractal space [136]. CGR represents the sequence data in a compact, visual format
that displays the arrangement patterns of the nucleotides. As illustrated in Figure 2.4a,
a CGR squaregG, is a square with vertices (corners) in the se¥ = f(1;1);(1;0); (0;0);
(0;1)g. The corners of the CGR square are labelled as follows: the bottom left corner is
labelled by A, the top left corner is labelled byC, the top right corner is labelled byG,
and the bottom right corner labelled byT. Formally, the labelling function!|: ! Vs
dened asl(A) =(0;0), I(C) =(0;2); I(G) =(1;1) and I(T) = (1;0), where is the set

fA; C; G; Tg corresponding to the four di erent nucleotides.

A CGR X, of a sequencs 2 " of length n, is the set of pointsXs = fpo; p1;::; png 2
R?, situated inside the CGR square, whose coordinates are de ned recursively fmy =
(X0;¥o) =(0;0) and, forall1 i n,

pi — pl 1';|(S|) (2.1)
Informally, the plotting begins from the center of the CGR square. The rst nucleotide
in the sequence is plotted halfway between the center and the vertex corresponding to that
nucleotide. Each subsequent nucleotide is plotted halfway between the previous point and
the vertex representing the current nucleotide. This iterative process generates a pattern
of points within the square, re ecting the order and frequency of nucleotides in the DNA

sequence. For example i§ = AT GC, then Xg = fpo; ps; P2; Ps; P49 IS the set of points
shown in Figure 2.4b. The points plotted in the CGR represent nucleotide occurrences in
the sequence and the last plotted point of a CGR could in theory (at in nite resolution)
be used to recover the original DNA sequence [97, 39, 11].

Frequency CGR (FCGR) of resolutionk, a quanti ed variant of CGR, is a 2¢ 2
grayscale image in which the intensity of each pixel directly corresponds to the frequency of
its correspondingk-mer. FCGR is a compressed representation of DNA sequences with the
compression degree indicated by the resolutidn It is obtained by dividing the CGR image
into smaller, equally-sized squares and counting the number of points (or the frequency)
within each square. Since FCGR smoothes the data in a grayscale image, rather than
plotting each point individually, it is inherently less noisy than the traditional CGR. Similar
to CGR, FCGR can identify over- and under-representation ok-mers in DNA sequences
and, thereby, can be used to determine the degree of identity between the DNA sequences
of di erent species [35].
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(a) (b)

Figure 2.4: (a): The CGR squareG. The vertices indicate the labelling of the corners of
the CGR square. (b) : The CGR imageX acet, Of the sequences = ACGT, consists of
the points po; p1; P2; P3; Ps illustrated in the gure.

Formally, FCGR of a sequences 2 " with resolution k with n  k, is a matrix in
R? 2 derived from X, the CGR image ofs. Its (i;j )th entry f; is de ned as:

fij = Number of points of X in cell (i;] ) (2.2)

where cell {;j ) is the (i;] )th subsquare, starting from the bottom left, of the CGR square
if we subdivide the square into ® 2 equal size subsquares.

It is important to note that each 2¢ 2 cell (i;j ) in the FCGR corresponds to one of
the 4% k-mers in thek-mer frequency vector. Speci cally, the frequenc§; of pixels in the
CGR imageX ¢ of sequencss falling into cell (i;j ) equals the frequency of a speci &-mer
in the sequences. As a result, thek-mer frequency vector can be seen as a attened version
of the FCGR for a speci ¢ DNA sequence. As witlk-mer frequency vectors, increasink in
the FCGR enhances resolution, leading to a more detailed representation at the expense of
exponential growth in data complexity; more information is captured with higher values of
k, but this also increases the computational overhead. Figure 2.5 illustrates some examples
of FCGRs at a resolution ofk = 8 (selected for visualization purposes) of real genomic
DNA sequences, displayed alongside FCGRs of computer-generated DNA sequences.

Similar to k-mer frequency vectors, CGRs/FCGRs of DNA sequences can be considered
as a genomic signature [147]. Consequently, the distance between CGRs/FCGRs of DNA
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