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xii Abstract

Diploma Thesis

Machine Learning Algorithm for Predicting Translation Initiation Start

Positions

Digenis Stefanos

Abstract

This thesis focuses on the development of a state-of-the-art deep learning model utilizing con-
volutional neural networks (CNNs) for the classification of RNA sequences. Specifically, the
model aims to predict the presence or absence of translation initiation start sites within these
sequences. Translation initiation plays a crucial role in protein synthesis, making accurate
prediction of start sites a significant challenge in computational biology.

The proposed deep learning model leverages the power of CNNs to effectively capture
relevant features in the RNA sequences. By training the model on a comprehensive dataset
of annotated translation initiation sites, it learns to discern key patterns and motifs associated
with initiation starts. Through an extensive evaluation process, the performance of the model
has demonstrated a remarkably high accuracy rate, surpassing existing tools in this domain.

The significance of this research lies in the potential impact on various biological appli-
cations, including gene annotation, drug target identification, and understanding the mech-
anisms of protein synthesis. The ability to reliably predict translation initiation start sites
using a deep learning approach provides a valuable tool for both computational biologists

and experimental researchers.

Keywords:
deep learning, convolutional neural networks, RNA sequences, translation initiation start pre-

diction, computational biology.
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AlyoprOpoc Mnyovikng Madnonc ywo v lpofreyn Ofoewv Evaping
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Ieptinyn

H mapovoa drotpipn emkevipoveTal otny avantuén evog poviéAov PBadidg pabnong tekev-
Toiog TevoAoyiag mov ypnoiponotel cuvelkTikd vevpovikd diktva (CNN) yo v ta&ivo-
unon aAiniovyiov RNA. Xvykekpiéva, to povtéAo amookonel otnv TpofAeyn g Topov-
olog 1 ™¢ amovciag Bécemv Evaping g HETAPPOUONS EVTOS OWTOV TV aAAnilovylov. H
évapén g petappaong dadpapatifel Kpioyo poro otV TpOTEiVOGUVOEST, KOOIGTOVTOC
™V akppn TpoPreyn TV BEcemv EvapEng Lo CNULOVTIKN TPOKAN O 6TV LTOAOYIGTIKY Blo-
Aoyia.

To mpotewvdpevo poviéro Pabidg pabnong a&romotel t dvvaun twv CNN yio v amo-
TEAEGUOTIKT] GCOAANYT] TOV GYETIKOV YOPUKTNPIOTIKOV 0T1S akoAovBieg RNA. Exnoidevov-
TG TO HOVTELD G€ £V OMOKANP®UEVO GUVOLO dedopévmv pe oxolaouéves Béoelg Evapéng
petdepoaong, pabaiver va daxpivel Baocikd potifa mov oyetilovrar pe t1g Bécelg Evapéng
HeTAppoonc. MEo® pag EKTETAUEVNC O100IKAGTOG 0ELOAOYNONG, Ol EMOOGELS TOV LOVTEAOL
KaTéde&av éva a&loonpelwTa VYNAO TOGOGTO aKPiPElng, EEMEPVMOVTOS TA VITAPYOVTO EPYQL-
Aelo 6TOV TOPEN OVTO.

H onpaocia avtig g €pevvog ykertar otov mBavo avtikTumo o€ d1dpopeg Proloyikeég
EPAPLOYES, OTMG O GYOAMACUOG YOVISI®V, 0 EVTOMIGUOG GTOYMV GUPUAK®V KOl 1] KATAVONoT
TOV UNYOVICUOV TG TpmTeivocuvieons. H wkavomta a&iomotg mpdPreyng tov 0écewmv
Evapéng g HETAPPAONG LE TN YPNOT oG Tpocsyyions Padidg udbnong mapéyet éva mo-
AMTIHO €pyadeio TOGO Y10 TOLG VITOAOYIGTIKOVG PloAGYOVG OGO KOl Y10 TOVE TELPOUOTIKOVS

EPEVVNTEC.

AgEarc-kre0na:
Babid pabnon, cuveliktikd vevpovikd diktva, aliniovyiec RNA, mpdpreym évapéng petd-

(QPOONC, VITOAOYIOTIKY froloyia.
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Chapter 1

Introduction

In the realm of molecular biology and genomics, the prediction of translation initiation
start positions in RNA sequences plays a fundamental role in unraveling the mysteries of
gene expression and protein synthesis. This thesis aims to address the challenges associated
with accurately identifying these start codons by developing a machine-learning algorithm
specifically designed for this task. Before delving into the specific details of the algorithm

and its architecture, it is essential to provide a general description of the scope of this thesis.

The focus of this research lies within the realm of genomic analysis, where the intricate
nature of RNA sequences presents both opportunities and challenges. RNA sequences, com-
posed of nucleotide bases, hold the key to understanding how genetic information is translated
into functional proteins. However, the presence of overlapping reading frames, alternative
start codons, and sequence variability complicates the accurate identification of translation
initiation start positions. These complexities necessitate the development of sophisticated al-
gorithms capable of deciphering the underlying patterns and signals embedded within these

sequences.

In this context, the site of investigation is characterized by the availability of vast ge-
nomic data, providing a rich source of information for analysis and prediction. The domain
of translation initiation start positions presents an intriguing puzzle due to the interplay be-
tween the diverse elements within RNA sequences. The challenges lie not only in deciphering
the specific nucleotide combinations that denote start codons but also in understanding the
contextual cues surrounding these codons. Moreover, the limitations of existing approaches,
which often rely on simplistic algorithms, underscore the need for more advanced method-

ologies that harness the power of machine learning to improve prediction accuracy.
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This thesis seeks to address the general problems faced by the domain by proposing a
novel machine-learning algorithm tailored for the prediction of translation initiation start
positions. By incorporating multiple features, including RNA sequence information, sec-
ondary structure predictions, conservation profiles, and hexamer patterns, the algorithm aims
to leverage the comprehensive nature of the data to enhance prediction accuracy. The sub-
sequent chapters will delve into the specifics of the proposed model, its architecture, and
its performance evaluation, ultimately contributing to the advancement of knowledge in the

field of genomics and RNA sequence analysis.

1.1 Background and Motivation

In this sub-chapter, we will delve into the background and motivation of this thesis, which
aims to develop a machine learning algorithm for predicting translation initiation start posi-
tions in RNA sequences. Before we delve into the specific details of the algorithm and its
architecture, it is important to provide a comprehensive understanding of the scope and chal-

lenges associated with this task.

1.1.1 General Description of the Scope

This research focuses on predicting translation initiation start positions within RNA se-
quences, a critical step in understanding gene expression and protein synthesis. By accurately
identifying these start codons, we gain insights into the initiation of protein synthesis and
unravel the complexities of cellular processes. The correct prediction of translation initiation
sites is essential for deciphering the mechanisms underlying gene regulation and protein func-
tions. Therefore, this thesis aims to develop a sophisticated machine learning algorithm capa-
ble of effectively and accurately predicting translation initiation start positions, contributing

to advancements in genomics and molecular biology.

1.1.2 Characteristics of the Site

Within the domain of genomic analysis, the prediction of translation initiation start posi-
tions presents intriguing opportunities and challenges. The site of investigation encompasses

the vast landscape of genomic data available for analysis and prediction. RNA sequences
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offer valuable insights into gene expression and protein synthesis, but their inherent com-
plexities pose challenges for accurate start codon identification. Overlapping reading frames,
alternative start codons, sequence variability, and contextual cues surrounding start codons
further complicate the prediction process. These challenges motivate the development of ad-
vanced computational models that can leverage machine learning techniques and integrate
multiple informative features to improve prediction accuracy.

Existing approaches in the field often rely on simplistic algorithms that do not fully ex-
ploit the potential of machine learning or incorporate comprehensive features. As a result,
prediction accuracy may be sub-optimal, and the intricacies of RNA sequences may not be
fully captured. Therefore, the motivation behind this thesis is to bridge this gap and propose
a novel machine-learning algorithm that can effectively leverage various features, including
RNA sequence information, secondary structure predictions, conservation profiles, and hex-
amer patterns. By integrating these features, we aim to enhance the accuracy of translation
initiation start position prediction and provide a deeper understanding of gene expression
regulation and protein synthesis.

Through addressing these challenges and pursuing the motivation of improving predic-
tion accuracy and advancing genomic analysis, this thesis aims to contribute to the broader
scientific community’s knowledge and understanding in the field of genomics and RNA se-

quence analysis.

1.2 Problem Statement

Predicting translation initiation start positions in RNA sequences poses a significant chal-
lenge in the field of genomics and molecular biology. Accurate identification of these start
codons is crucial for understanding gene expression and protein synthesis. However, the in-
herent complexities of RNA sequences, such as overlapping reading frames, alternative start
codons, sequence variability, and contextual cues surrounding start codons, make it diffi-
cult to reliably predict the true start positions. Existing approaches often rely on simplistic
algorithms that do not fully leverage the power of machine learning or incorporate compre-
hensive features. As a result, prediction accuracy may be sub-optimal, and the intricacies of

RNA sequences may not be fully captured.

The significance of accurately predicting translation initiation start positions cannot be
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understated. Start codon identification plays a pivotal role in unraveling the mechanisms
underlying gene regulation and protein functions. It provides insights into the initiation of
protein synthesis and aids in deciphering the complexities of cellular processes. Improved
prediction accuracy can lead to a deeper understanding of the factors influencing translation
initiation and shed light on the regulation of gene expression.

However, the current state of the art in start codon prediction is limited in several as-
pects. Existing approaches often lack the sophistication to handle the complexities of RNA
sequences and fail to fully exploit the potential of machine learning techniques with all pos-
sible features that can be extracted from an RNA sequence. Sub-optimal prediction accu-
racy and limited integration of diverse features hamper the comprehensive analysis of start
codon positions. To overcome these limitations, there is a need for a novel machine learning
algorithm specifically designed for predicting translation initiation start positions. Such an
algorithm should leverage various features, including RNA sequence information, secondary
structure predictions, conservation profiles, and hexamer patterns, to enhance the accuracy
and reliability of start codon prediction.

In light of these challenges and limitations, this thesis aims to address the problem of
accurately predicting translation initiation start positions in RNA sequences. By developing
a sophisticated machine learning algorithm that effectively integrates diverse features and
leverages advanced computational models, this research seeks to improve prediction accu-
racy and deepen our understanding of gene expression and protein synthesis. The subsequent
chapters of this thesis will detail the proposed algorithm’s architecture, its performance eval-
uation, and comparisons with existing approaches. Through these efforts, this research en-
deavors to bridge the gap in start codon prediction and contribute to the advancement of

genomic analysis and molecular biology knowledge. a

1.3 Objectives

The primary objectives of this thesis are to develop a machine-learning algorithm for
predicting translation initiation start positions in RNA sequences and to advance the field of
genomic analysis. These objectives align with the problem statement discussed in the previ-
ous sub-chapter and aim to address the limitations of existing approaches while improving

prediction accuracy and deepening our understanding of gene expression and protein synthe-
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sis.

1. Create a well-annotated dataset: The first objective is to create a well-annotated dataset
for training and testing the machine learning algorithm. This dataset will comprise positive
examples, including RNA sequences with known translation initiation start positions, and
negative examples representing non-start codon regions. The dataset will be carefully curated
and annotated, ensuring high-quality and reliable training data for the algorithm. A well-
annotated dataset plays a crucial role in machine learning by providing a foundation for the
training and evaluation of models. Accurate and comprehensive annotations, which include
labeled data points and corresponding ground truth information, enable algorithms to learn
patterns, make predictions, and generalize knowledge. Thus, creating this dataset is one of

the most crucial objectives of this thesis.

2. Extract informative features: The second objective is to extract informative features
from the created dataset that can contribute to better prediction accuracy. This includes ana-
lyzing the RNA sequence characteristics, such as nucleotide composition, sequence motifs,
and contextual information around start codons. Additionally, features derived from sec-
ondary structure predictions, conservation profiles, and hexamer patterns will be extracted
to capture relevant biological signals. The extracted features will serve as input to the ma-

chine learning algorithm, enhancing its ability to make accurate predictions.

3. Develop a novel machine learning algorithm: The third objective is to develop an in-
novative machine learning algorithm specifically designed for predicting translation initia-
tion start positions. This algorithm will leverage advanced computational models, such as
convolutional neural networks, and integrate diverse features, including RNA sequence in-
formation, secondary structure predictions, conservation profiles, and hexamer patterns. The

algorithm will be optimized to achieve high prediction accuracy and robustness.

4. Evaluate algorithm performance: The fourth objective is to rigorously evaluate the
performance of the developed algorithm using comprehensive datasets. This evaluation will
involve assessing the algorithm’s accuracy, precision, and recall in predicting translation ini-
tiation start positions. The evaluation will provide quantitative measures of the algorithm’s

effectiveness and serve as a benchmark for comparing with other approaches.

5. Perform hyperparameter tuning: The fifth objective is to perform hyperparameter tun-
ing of the machine learning algorithm. This process involves systematically exploring differ-

ent combinations of hyperparameters, such as learning rate, batch size, number of layers, and
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filter sizes, to optimize the algorithm’s performance. Hyperparameter tuning will be con-
ducted using appropriate techniques, such as grid search or random search, to identify the
optimal set of hyperparameters that maximize prediction accuracy.

6. Compare with state-of-the-art models: The sixth objective is to compare the perfor-
mance of the proposed algorithm with existing state-of-the-art models and baseline approaches.
By conducting comparative analyses, we will demonstrate the superiority of the developed
algorithm in accurately predicting translation initiation start positions. This comparison will
highlight the potential of the proposed algorithm and showcase its advancements in the field.

7. Provide comprehensive analysis and interpretation: The seventh objective is to provide
a comprehensive analysis and interpretation of the results obtained. This analysis will include
discussing the strengths and limitations of the proposed algorithm, identifying potential areas
for further improvement, and offering insights into the contribution of different features and
hyperparameters to the prediction accuracy. Through this analysis, we aim to contribute to
the scientific community’s knowledge and understanding in the field of genomics and RNA
sequence analysis.

By accomplishing these objectives, this research aims to develop an advanced machine
learning algorithm, create a reliable dataset, extract informative features, optimize hyperpa-
rameters, and improve the prediction accuracy of translation initiation start positions. These
contributions will not only enhance our understanding of gene expression but also advance
the field of genomic analysis and enable more accurate predictions in various biological ap-

plications.

1.4 Significance of the Study

The significance of this study lies in its potential to advance the field of genomic anal-
ysis and improve the accuracy of predicting translation initiation start positions in RNA se-
quences. By proposing a novel machine learning algorithm and integrating multiple sources
of information, including RNA sequence characteristics, secondary structure predictions,
conservation profiles, and hexamer patterns, this study aims to provide a comprehensive un-
derstanding of gene expression and regulation.

One of the key contributions of this research is the creation of a well-annotated dataset

specifically designed for training and testing the machine learning algorithm. The dataset
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comprises carefully curated positive and negative examples, derived from UniProt Homo
sapiens genome annotation tracks and intergenic regions, respectively. This dataset not only
serves as a valuable resource for the development and evaluation of the proposed algorithm
but also provides a reliable foundation for future research in the field. The availability of
such a dataset enhances the reproducibility of the study and fosters collaboration among re-

searchers working in the domain of genomic analysis.

Furthermore, this study focuses on the extraction of informative features from the dataset
to enhance the performance of the algorithm. These features capture various aspects of RNA
sequences, including nucleotide composition, sequence motifs, secondary structure predic-
tions, and conservation profiles. By leveraging these features, the algorithm gains a deeper
understanding of the underlying biological signals and can make more accurate predictions
of translation initiation start positions. The extraction and utilization of informative features
contribute to a comprehensive analysis and interpretation of the data, enabling researchers to

uncover new insights into gene expression patterns and functional roles of different genes.

The outcomes of this study have broader implications in bio-medicine and biotechnol-
ogy. The accurate prediction of translation initiation start positions holds great promise for
various applications in bio-medicine and biotechnology. By deciphering the precise locations
where protein synthesis begins, this research can contribute to a deeper understanding of gene
expression mechanisms and provide insights into the functional roles of different genes. In
bio-medicine, accurate prediction of translation initiation start positions can have significant
implications for the development of therapeutic interventions. Understanding the precise start
sites of protein synthesis enables researchers to identify potential drug targets and design in-
terventions that specifically modulate the expression of key genes. This knowledge can lead
to the development of targeted therapies aimed at combating various diseases, including ge-
netic disorders, cancers, and neurodegenerative conditions. Moreover, accurate prediction of
translation initiation start positions can facilitate the annotation of genomes and the identifi-
cation of open reading frames (ORFs). By pinpointing the precise locations of protein-coding
regions within genomes, this research aids in the accurate annotation and characterization of
genes, facilitating genome-wide studies and comparative genomics analyses. This informa-
tion is crucial for understanding the evolutionary dynamics of genes, identifying conserved

regions across species, and uncovering novel genes with potential functional significance.

Moreover, this study makes a notable contribution to the scientific community by propos-
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ing a novel machine-learning algorithm and employing rigorous methodologies for dataset
construction, feature extraction, and model optimization. The findings and insights obtained
from this research have the potential to inspire and guide future studies in genomics, compu-
tational biology, and related disciplines. By sharing the methodologies and techniques em-
ployed in this study, the research contributes to the collective knowledge and fosters further
exploration and advancements in the field of genomic analysis.

In summary, the significance of this study lies in its potential to advance the field of
genomic analysis, improve the accuracy of predicting translation initiation start positions,
provide a well-annotated dataset, extract informative features, and contribute to the scientific
community. The proposed algorithm and methodologies have the potential to revolutionize
our understanding of gene expression patterns, uncover new insights into gene function, and
drive advancements in bio-medicine and biotechnology. By addressing these crucial aspects,
this study aims to make a meaningful impact in the field of genomics and computational

biology.

1.5 Translation Initiation Start Positions

By delving into the theoretical aspects of translation initiation start positions, this sub-
chapter provides a comprehensive understanding of the molecular mechanisms underlying
protein synthesis initiation. It explores the definition and significance of translation initiation
start positions, highlighting the role of start codons and the complexity of the translation ini-
tiation process. Additionally, it discusses the regulatory elements and factors that influence
translation initiation, shedding light on the intricate regulatory networks that govern gene
expression.

Understanding translation initiation start positions has profound implications for various
fields, including molecular biology, genetics, and biotechnology. It serves as a foundation
for studying gene expression regulation, unraveling the mechanisms that control protein syn-
thesis, and exploring the impact of genetic variations on translation efficiency. Furthermore,
accurate prediction of translation initiation start positions contributes to genome annotation
efforts, facilitating the identification of protein-coding regions and improving our understand-
ing of gene structures within genomes.

Moreover, the knowledge gained from studying translation initiation start positions has
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practical applications in biotechnology and drug discovery. It aids in the design and engi-
neering of synthetic genes for various biotechnological applications, enabling the production
of recombinant proteins with precise control over their expression levels. Additionally, it
provides insights into potential drug targets and therapeutic interventions by identifying key

genes and regulatory elements involved in translation initiation.

1.5.1 Overview of Protein Transcription and Translation Processes

Transcription and translation are essential processes in gene expression, playing a cru-
cial role in the synthesis of proteins. These processes are highly regulated and intricately
coordinated to ensure the accurate transfer of genetic information from DNA to functional
proteins. Understanding the fundamentals of transcription and translation is vital for compre-
hending the molecular mechanisms behind protein synthesis and the subsequent prediction
of translation initiation start positions.

Transcription is the first step in gene expression, where the genetic information encoded
in DNA is transcribed into messenger RNA (mRNA) molecules. This process is carried out
by the enzyme RNA polymerase, which binds to the promoter region of the DNA, initiating
the synthesis of an mRNA molecule. During transcription, one of the DNA strands acts as
a template, and RNA polymerase incorporates complementary RNA nucleotides to form the
mRNA molecule. The resulting mRNA undergoes further modifications, such as the addition
of a 5’ cap and a poly-A tail, as well as the removal of introns, to form a mature mRNA
molecule.

Translation, on the other hand, is the process by which the mRNA molecule is trans-
lated into a sequence of amino acids, forming a polypeptide chain that ultimately folds into
a functional protein. Translation involves three key players: mRNA, ribosomes, and transfer
RNA (tRNA). The mRNA molecule carries a sequence of codons, each consisting of three
nucleotides, which correspond to specific amino acids. Ribosomes, composed of ribosomal
RNA (rRNA) and proteins, serve as the molecular machinery for protein synthesis. They bind
to the mRNA and facilitate the decoding of codons by recruiting specific tRNA molecules.
Each tRNA molecule carries a specific amino acid and has an anticodon that is comple-
mentary to the codon on the mRNA. Through a complex interplay of ribosomes and tRNA
molecules, amino acids are added to the growing polypeptide chain in a sequence dictated by

the mRNA codons.
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Together, transcription and translation govern the central dogma of molecular biology,
enabling the transfer of genetic information from DNA to proteins. Understanding these pro-
cesses provides the foundation for investigating translation initiation start positions and their
role in protein synthesis. In the subsequent sections of this thesis, we will delve into the spe-
cific aspects of translation initiation, exploring the significance of start codons, the complex-

ity of the initiation process, and the regulatory elements that influence translation initiation.

1.5.2 Definition of Translation Initiation Start Positions

Translation initiation start positions refer to the specific nucleotide positions within an
RNA sequence where protein synthesis begins. They mark the site where the ribosome as-
sembles and initiates the process of translation, converting the genetic information encoded
in the RNA into a functional protein. These positions are of significant importance in under-
standing the regulation of gene expression and accurately annotating protein-coding regions
within genomes. The determination of translation initiation start positions relies on the identi-
fication of start codons, which are typically represented by an AUG (adenine-uracil-guanine)
triplet in eukaryotes. AUG serves as the universal start codon, initiating the majority of pro-
tein synthesis events. It acts as a signal to recruit the ribosome and initiate the assembly of the
translation machinery. However, it is worth noting that alternative start codons, such as GUG
and UUG, can also be utilized in specific contexts, leading to the initiation of translation at

alternative positions.

1.5.3 Molecular Mechanisms of Translation Initiation

Translation initiation is a complex process involving multiple molecular components and
regulatory elements that ensure the accurate initiation of protein synthesis. It can be broadly
divided into three main stages: recognition of the start codon, assembly of the translation
initiation complex, and ribosome scanning.

The first stage, recognition of the start codon, involves the binding of the small riboso-
mal subunit, along with initiation factors, to the mRNA sequence. The start codon, typically
the AUG triplet, serves as the point of recognition. The anticodon of the initiator tRNA (tR-
NAiMet) forms a base pairing interaction with the start codon, facilitated by initiation factors.
This recognition event ensures the proper alignment of the ribosomal sub-units and the posi-

tioning of the initiator tRNA at the start codon.
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In the second stage, the assembly of the translation initiation complex takes place. Addi-
tional initiation factors are recruited to the complex, along with the large ribosomal subunit.
These initiation factors play crucial roles in stabilizing the interaction between the mRNA,
tRNAiMet, and ribosomal subunits. They assist in positioning the components of the transla-
tion machinery in a manner that enables efficient and accurate initiation of protein synthesis.
Once the translation initiation complex is fully assembled, the ribosome proceeds to the third
stage, which is ribosome scanning. During this process, the ribosome traverses along the
mRNA molecule, searching for the correct start codon. The scanning mechanism relies on
the recognition of specific nucleotide sequences that guide the ribosome to the start codon. In
eukaryotes, a notable sequence is the Kozak consensus sequence, which surrounds the start
codon. The Kozak consensus sequence aids in proper positioning and increases the efficiency

of translation initiation by providing additional signals for ribosome recognition.

1.5.4 Regulatory Elements and Factors Influencing Translation Initia-
tion

Translation initiation is a finely regulated process influenced by a range of regulatory
elements and factors that modulate the efficiency and specificity of protein synthesis. These
elements include upstream open reading frames (UORFs), regulatory RNA structures, and
RNA-binding proteins, each playing a crucial role in controlling translation initiation.

uORFs are short coding sequences that reside upstream of the main coding region within
an mRNA molecule. They have the potential to influence translation initiation by various
mechanisms. For instance, uORFs can impact the availability of initiation factors by seques-
tering them or competing for their binding, leading to altered initiation rates. Additionally,
uORFs can function as alternative start sites, diverting the ribosome’s attention and affecting
the translation of downstream proteins. The presence and characteristics of uORFs within
an mRNA sequence can significantly impact the regulation of gene expression and protein
synthesis.

Regulatory RNA structures also contribute to the control of translation initiation. These
structures can form within the mRNA molecule, either around the start codon or in other re-
gions, and influence the accessibility of the start codon or the binding of initiation factors and
ribosomes. Secondary structures, such as stem-loops, hairpins, or pseudoknots, can hinder or

facilitate ribosome scanning, thereby affecting translation initiation efficiency. RNA motifs,
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including internal ribosome entry sites (IRES), play a unique role by bypassing the traditional
scanning mechanism and enabling cap-independent translation initiation.

In addition to structural elements, RNA-binding proteins play a vital role in modulating
translation initiation. These proteins interact with specific mRNA sequences or structures,
exerting regulatory control over protein synthesis. RNA-binding proteins can act as trans-
lational activators, promoting translation initiation by facilitating ribosome recruitment or
stabilizing the initiation complex. Conversely, they can function as translational repressors,
inhibiting translation initiation through various mechanisms, such as preventing ribosome as-
sembly or promoting mRNA degradation. The interplay between RNA-binding proteins and
mRNA molecules adds another layer of complexity to the regulation of translation initiation,

influencing gene expression dynamics in response to cellular signals and environmental cues.

1.6 Importance of Predicting TIS

Accurate prediction of TIS positions holds significant importance in various domains of
biological research and applications. The precise identification of these positions provides
valuable insights into gene expression regulation, aids in genome annotation, supports func-
tional genomics studies, accelerates drug discovery efforts, enhances genome functional an-
notation, and enables advancements in synthetic biology and biotechnology. The importance
of predicting TIS positions can be further elucidated through the following points:

1. Understanding of Gene Expression Regulation: Prediction of TIS positions contributes
to a comprehensive understanding of gene expression regulation. By accurately identifying
the specific locations where translation initiates, researchers can unravel the intricate mecha-
nisms governing protein synthesis and its control within cells. This knowledge is fundamental
for deciphering complex cellular processes, understanding developmental pathways, and un-
raveling the molecular basis of diseases.

2. Identification and Annotation of Protein-Coding Regions: Accurate prediction of TIS
positions aids in the identification and annotation of protein-coding regions within genomes.
By precisely delineating the boundaries of coding regions, researchers can refine gene models
and improve genome annotations. Reliable prediction of TIS positions enhances our under-
standing of the functional elements encoded in the genome and provides valuable information

for comparative genomics studies and evolutionary analyses.
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3. Facilitation of Functional Genomics Studies: Prediction of TIS positions plays a vital
role in functional genomics studies. It assists in prioritizing candidate genes for further exper-
imental investigation, allowing researchers to focus their efforts on protein-coding regions
with potential functional significance. By accurately predicting TIS positions, researchers
can identify genes involved in specific biological processes, pathways, or diseases, provid-
ing valuable guidance for targeted experimental studies.

4. Acceleration of Drug Discovery and Development: Accurate prediction of TIS posi-
tions contributes to the process of drug discovery and development. By identifying the pre-
cise start sites of protein synthesis, researchers gain insights into the molecular targets of
therapeutic relevance. This information is crucial for designing drugs that specifically tar-
get disease-associated proteins or modulate their expression levels. Predicting TIS positions
facilitates the development of more effective and targeted therapeutic interventions.

5. Enhancement of Genome Functional Annotation: Prediction of TIS positions con-
tributes to the comprehensive functional annotation of genomes. By accurately identify-
ing TIS positions, researchers can assign functional annotations to protein-coding regions,
thereby enhancing our understanding of gene function and diversity. This information sup-
ports comparative genomics studies, evolutionary analyses, and the exploration of gene fam-
ilies and protein domains.

6. Support for Synthetic Biology and Biotechnology Applications:

Accurate prediction of TIS positions has implications in synthetic biology and biotechnol-
ogy. It enables the rational design and engineering of synthetic genetic circuits and pathways
by precisely controlling the initiation of protein synthesis. Predicting TIS positions aids in
optimizing protein expression levels, fine-tuning gene expression dynamics, and improving

the efficiency of recombinant protein production systems.

1.7 Existing Approaches and Limitations

Support Vector Machines (SVMs) have been a prominent tool in the prediction of Trans-
lation Initiation Start Positions (TIS) within RNA sequences. Originally designed for binary
classification tasks, SVMs offer an efficient approach to identifying TIS codons. They are
adept at finding decision boundaries that maximize class separation in RNA sequences, mak-

ing them particularly suited for this task. However, it’s important to note that SVMs, while
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effective, have inherent limitations. Their simplicity compared to more complex models like
artificial neural networks (ANNs) means they may struggle to capture highly intricate pat-
terns within the data. This limitation raises questions about their ability to match the predictive

performance of more intricate models when facing datasets with nuanced features.

Then, some early neural network models explored the potential of artificial neural net-
works (ANNs) with relatively simple architectures, often consisting of only a single hidden
layer. These models aimed to harness the power of neural networks to identify TIS codons
within RNA sequences. While they marked a significant departure from traditional machine
learning methods, their shallow architectures, and limited complexity posed certain chal-
lenges. The use of single-layer neural networks could potentially result in difficulties when
attempting to capture intricate and non-linear patterns within RNA sequences. This limita-
tion, combined with the evolving nature of TIS prediction, raises questions about the ability
of these early neural network models to adapt to more complex datasets and outperform mod-

ern, deeper architectures.

In recent years, the field of TIS prediction has witnessed a significant shift with the intro-
duction of modern neural network architectures, primarily leveraging Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs). These models hold the potential
to revolutionize TIS prediction in several ways. Hierarchical Feature Extraction: CNNs excel
at capturing local patterns within RNA sequences, including motifs and secondary structures.
Their hierarchical feature extraction abilities allow them to learn complex representations di-
rectly from the data, which is critical for precise TIS identification. Sequence Context: RNNSs,
with their ability to model sequential dependencies, can capture the contextual information
within RNA sequences. This understanding of nucleotide order and relationships is funda-
mental for distinguishing TIS codons from the surrounding genomic sequences. However,
it’s imperative to address a significant concern associated with these modern approaches.
Many of these models, despite showcasing remarkable results, suffer from a severe lack of
reproducibility. They often provide limited or no information regarding their dataset sources
or construction, making it nearly impossible for other researchers to replicate their findings.
This absence of transparency raises questions about the reliability and generalizability of
their results. Moreover, the reluctance to share code further exacerbates the issue of non-
reproducibility. Without access to the model code, the scientific community is left unable to

scrutinize the inner workings and assumptions of these approaches.
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1.8 Summary

In conclusion, the first chapter has laid the foundation for the exploration into the devel-
opment of a Machine Learning Algorithm for Predicting Translation Initiation Start Positions
(TIS). As this thesis unfolds, the following chapters will present:

Chapter 2: Dataset Construction

Chapter 2 provides a detailed account of data collection and preprocessing efforts, ex-
plaining the curation of the dataset, comprising positive sets sourced from Start Codon An-
notations and negative sets derived from Non-Start Codon Annotations.

Chapter 3: Model Architecture

Chapter 3 serves as the core of the thesis, offering an in-depth view of the proposed
model. It consists of multiple branches, each specializing in different aspects of TIS predic-
tion. The design choices, architectural details, and performance evaluation of each branch are
elucidated.

Chapter 4: Experimental Results and Analysis

Chapter 4 presents the results obtained from the model. Evaluation metrics are introduced
to assess performance and make comparisons with baseline and state-of-the-art models. This
chapter concludes with a comprehensive analysis of the results, highlighting the strengths
and limitations of the approach.

Chapter 5: Conclusion and Future Work

The final chapter of the thesis, Chapter 5, encapsulates the contributions and summarizes
key findings. It acknowledges the limitations of the model and proposes avenues for future
research, highlighting potential enhancements and directions to further advance the field of
TIS prediction.

As these chapters unfold, the aim is to provide a holistic understanding of the machine
learning methodology employed for TIS prediction. This thesis will try to underscore the
significance of this work within the realm of genomics and the exciting prospects it holds for

future developments in this critical domain.






Chapter 2

Dataset

2.1 Introduction

In this chapter, the process of constructing the dataset used in the study to predict trans-
lation initiation start positions is presented. A well-curated dataset forms the foundation for
training an accurate and robust machine-learning model. In this section, an overview of the
dataset used is provided, and emphasized the significance of a high-quality dataset in the

context of predicting translation initiation start positions.

2.1.1 Overview of the Dataset

The dataset employed in this study comprises RNA sequences derived from the Swiss-
Prot database, specifically the UniProt Homo sapiens genome annotation tracks. These an-
notation tracks represent the mapping of a species’ reference proteome and sequence anno-
tations to its reference genome. Utilizing this rich source of genomic information, it is aimed
to construct a comprehensive dataset that captures the diversity of translation initiation start
positions in Homo sapiens.

In addition to the positive set obtained from the UniProt database, a carefully constructed
negative set was incorporated to enhance the model’s training. The negative set was con-
structed by utilizing the Ensembl Genome Annotation (GTF) file for Homo sapiens. This
GTF file contains various attributes associated with each feature, including gene-related in-
formation, transcript-related information, exon-related information, and protein-related in-

formation.
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2.1.2 Significance of a Well-Curated Dataset

Having a well-curated dataset plays a pivotal role in training a reliable machine-learning
model. In the context of predicting translation initiation start positions, the quality and com-
prehensiveness of the dataset directly impact the model’s performance and generalizability.
A carefully constructed dataset enables the model to learn the intricate patterns and features
associated with translation initiation start positions, thereby enhancing its ability to accurately
predict these crucial sites.

By utilizing a well-curated dataset, several key advantages can be addressed. Firstly, it
allows the capture of a wide range of start codon positions and their associated genomic con-
texts, ensuring that the model is exposed to diverse scenarios. This helps the model generalize
well to unseen sequences and improves its ability to accurately predict translation initiation
start positions in real-world scenarios.

Furthermore, a high-quality dataset enables the uncovering of valuable insights into the
regulatory mechanisms underlying translation initiation. By analyzing the dataset, sequence
motifs can be identified, secondary structures, or other features that are strongly associated
with translation initiation start positions. This knowledge can contribute to a deeper under-
standing of gene expression regulation and aid in the development of novel therapeutic inter-
ventions targeting translation initiation.

Overall, the significance of a well-curated dataset cannot be overstated. It forms the back-
bone of the study, providing the necessary training examples to develop a robust machine-
learning model for predicting translation initiation start positions. In the subsequent sections,
a delve into the details of data collection, preprocessing steps, and the construction of the
positive and negative sets, which collectively contribute to the establishment of a reliable
and representative dataset for our research.

Moreover, the construction of a well-curated dataset encompasses the assembly of both
positive and negative sets. The positive set comprises well-annotated start codon positions,
while the negative set contains regions that do not correspond to true start codons. The in-
clusion of a comprehensive negative set is particularly crucial as it allows the model to dis-
criminate between genuine start codons and non-start codon sequences accurately. By incor-
porating a diverse range of non-start codon regions, the model can learn the discriminating
features associated with translation initiation, thereby improving its predictive capabilities.

To ensure the quality and generalizability of the negative set, several considerations were
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taken into account during its construction. Careful selection of genomic regions, covering
various regions across the genome, helps mitigate potential biases and ensures a representa-
tive dataset. Additionally, stringent filtering criteria were applied to minimize the inclusion
of regions that might inadvertently resemble start codons. By addressing these factors, the
negative set is designed to challenge the model and enhance its ability to distinguish between
true start codons and non-start codon sequences in a robust and unbiased manner.

By incorporating a well-curated dataset, encompassing both positive and negative sets,
this research aims to train a machine-learning model capable of accurately predicting trans-
lation initiation start positions. The subsequent sections delve into the details of the data
collection process, including the acquisition of the positive set from the UniProt/SwissProt
database and the construction of the negative set using the Ensembl GTF file. These steps
collectively contribute to the establishment of a reliable and representative dataset, enabling
the model to learn the intricate patterns and features associated with translation initiation start

positions.

2.2 Data Collection and Preprocessing

2.2.1 Positive Set: Start Codon Annotations

The positive dataset for this thesis was gathered from the UniProt/SwissProt database.
Specifically, the data were found from this ftp folder, and in the UP000005640 9606 signal
.bed file. This .bed file contains a bed representation of signal sequence annotations within the
species, and the species is the Homo sapiens, which is denoted by the UP000005640 9606.

A .bed file is a file format used to represent genomic intervals, such as regions of a genome
that correspond to genes, regulatory elements, or other functional features.s

The name ”bed” stands for "Browser Extensible Data,” as the format was originally de-
veloped for the UCSC Genome Browser, which allows users to visualize genomic data in a
web browser.

A .bed file consists of tab-delimited fields that specify the chromosome, start and end
coordinates, and optionally a name and additional metadata for each interval. The format can
also be extended to include additional columns for other types of data, such as scores or strand
orientation.

The format for the .bed file is:


https://ftp.uniprot.org/pub/databases/uniprot/current_release/knowledgebase/genome_annotation_tracks/
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Figure 2.1: .bed file opened in the IGV Browser

chromosome start end name score strand other inform

Where:

» chromosome: the name of the chromosome or contig (e.g. chrl, chrX, contigl23)
* start: the starting position (0-based) of the interval on the chromosome

* end: the ending position (1-based, inclusive) of the interval on the chromosome

* end: the ending position (1-based, inclusive) of the interval on the chromosome

* name: an optional name or identifier for the interval

* score: an optional score or value for the interval

« strand: the strand orientation of the interval, either ”+” for the forward strand or ”’-” for

2% 9

the reverse strand. If the strand information is not available, a ”.” is used instead.
An example of a line of the bed file for the study is:

chrl 1091489 1091543 AOA024R082 0 -1091489 1091543 204,0,51
1 54 0 . MI-S18; signal peptide 1-18

A .bed file can be used for a variety of genomic analyses, including identifying genomic
regions that are deferentially expressed, determining chromatin accessibility, and detecting
genetic variants.

After downloading the .bed file, the next step in the data preprocessing phase involved
merging the overlapping peaks. This was done to ensure that the resulting dataset contained
non-overlapping peaks with consistent information. The merging process combined intervals
that shared overlapping regions into a single peak, while retaining the original name, score,

and strand information.
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The merged file now consists of non-overlapping peaks, where each peak represents a
unique region of interest. The start and end coordinates of the peaks have been adjusted to
eliminate any overlap, ensuring that each peak represents a distinct genomic region. By per-
forming this merging step, a refined dataset was obtained that is more suitable for subsequent

analysis and modeling.

In addition to downloading the .bed file from the UniProt/SwissProt database, another
important source of data for this study was a .bed file obtained from the Biomart database. The
Biomart database provides a wide range of genomic and proteomic data, allowing researchers

to retrieve specific annotations and features related to various organisms.

The purpose of obtaining the .bed file from Biomart was to obtain additional genomic
annotations that would complement the data obtained from the UniProt/SwissProt database.
By intersecting the two datasets, it was aimed to ensure the inclusion of well-annotated data

in the study.

The intersection of the .bed files involved identifying the common regions between the
datasets obtained from UniProt/SwissProt and Biomart. This process allowed us to select
and retain the genomic regions that were consistently annotated in both datasets, ensuring a

comprehensive and well-annotated dataset for our analysis.

By incorporating the additional annotations from Biomart, we enriched the dataset with
valuable information about the genomic features associated with the translation initiation start
positions. This integration of data sources enhanced the accuracy and reliability of our model
by incorporating multiple layers of annotation and increasing the overall understanding of

the genomic context.

Then, each entry in the resulted intersected .bed file is modified, by adding 2Kbp before
the Start and 10Kbp after the Start, creating this way a 12Kbp sequence for each entry, where
the start of the protein is after 2000 bp. So the TIS position now is in the 2000 place. (why

do we do that ?)

To retrieve the sequence information for each of the genomic regions specified in the .bed
files, the reference genome fasta file was utilized. This fasta file, obtained from the UCSC
Genome Browser, serves as a comprehensive resource containing the genetic sequence of the

reference genome.

By extracting the sequence corresponding to the genomic intervals specified in the .bed

files, it was ensured that the dataset included the actual nucleotide sequences associated with
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Figure 2.2: AUG position count

the translation initiation start positions. This sequence of information played a crucial role in
training and evaluating the machine learning model, as it provided the necessary input data
for the prediction algorithms.

The use of the reference genome fasta file from the UCSC Genome Browser facilitated
the accurate alignment of the genomic coordinates with their corresponding nucleotide se-
quences, enabling a comprehensive analysis of the translation initiation start positions within
the genomic context.

Having the sequences for each input, a count of the AUG in the sequence was done, to
check how many AUG are in a sequence.

As it can be seen from figure 2.2, most of the AUG codons are in the 2000™ position,
where they were placed, but also it can be observed that lots of other AUG can be found, all

around the sequence.

2.2.2 Negative Set: Non-Start Codon Annotations

The negative set was constructed by obtaining an Ensembl .gtf file for homo-sapiens,
which contains comprehensive genomic feature information. This file was then transformed
into the .bed format for a simplified representation of genomic intervals.

To create the negative set, the entries in the .bed file were merged if they were within
a maximum distance of 2500 base pairs (bps), ensuring that overlapping or closely located
regions were consolidated. The start positions of the merged entries were adjusted by subtract-
ing 1000 bps, and 1000 bps were added to the end positions to expand the feature information
beyond well-annotated regions.

The modified entries were then analyzed to identify complementary regions located far
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away from any well-annotated regions. These regions, devoid of start codons, formed the
negative set for the study. This approach ensured that the negative set provided a suitable
contrast to the positive set and contributed to the balanced dataset used for training and eval-
uating the machine learning model.

The resulting negative set, comprising non-start codon regions, played a crucial role in the
accurate prediction of translation initiation start positions. It served as an essential reference
for the model to differentiate between true start codon regions and other genomic regions,
enhancing the model’s prediction capabilities and overall performance.

For each entry in the negative set, the process of constructing a new entry involved ex-
tracting all ATG codons from the original region. The ATG codon serves as the start codon
for protein translation. To ensure a comprehensive dataset, a fixed distance of 310 bps was
considered from each ATG codon.

By applying this distance criterion, a sequence window of 303 bps (corresponding to
the length required by the model) was established for each ATG codon. These individual
sequences were then merged to form a massive dataset per chromosome, encompassing all
potential start codon regions within the specified distance.

The final output file consisted of a tab-separated format, providing information about the
chromosome, start and end positions of the genomic interval, and the corresponding sequence
of 303 bps. Each entry in this file represented a potential translation initiation start position
and served as valuable training data for the machine learning model.

This process ensured that the dataset encompassed a wide range of potential start codon
regions, enabling the model to learn and make predictions based on diverse genomic contexts.
By including multiple entries per chromosome, the dataset accounted for the variability in
translation initiation start positions across different genomic regions.

The construction of each new entry in this manner facilitated the development of a com-
prehensive and representative negative set, supporting the model’s ability to distinguish true

start codons from non-start codon regions.






Chapter 3

Model Architecture

3.1 Overview of the Proposed Model

The proposed model is designed to accurately predict translation initiation start positions
by leveraging a multi-branch architecture. This approach capitalizes on the advantages of-
fered by combining multiple sources of information to enhance prediction accuracy.

The model comprises several key components, each contributing to the prediction pro-
cess. These components include the RNA sequence branch, the Contrafold branch, the con-
servation branch, and the hexamer branch. Each branch focuses on extracting specific fea-
tures from the input data to capture relevant patterns and signals associated with translation
initiation start positions.

In the RN A sequence branch, the input data consists of the RNA sequences themselves. To
extract meaningful features, we employ a convolutional neural network (CNN) architecture
that processes subsequences of 23 base pairs (bps). These subsequences are represented as
one-hot vectors to capture the underlying patterns that influence the presence of a start codon.

The Contrafold branch utilizes the Contrafold algorithm to predict the secondary structure
of the RNA sequences. A parallel CNN is employed to extract features from the predicted
secondary structures. This branch provides complementary information about the structural
characteristics of the RNA sequences, which can be indicative of translation initiation sites.

The conservation branch takes advantage of the conservation scores of the RNA se-
quences. These scores reflect the level of evolutionary conservation at each position, high-
lighting potentially functional regions. By utilizing another parallel CNN, the conservation

branch extracts features related to the evolutionary conservation of the RNA sequences, aid-
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ing in the identification of translation initiation start positions.

The hexamer branch considers a larger context by incorporating the 150 base pairs (bps)
preceding and following the start codon. This extended region is segmented into hexamer
strings, resulting in a substantial matrix of hexamer representations. Another parallel CNN
is then applied to extract features from these hexamer strings, capturing higher-level patterns

and long-range dependencies that may influence translation initiation.

The features extracted from each branch are integrated to make the final prediction. By
combining information from multiple sources, the proposed model aims to capture a more
comprehensive representation of the RNA sequences, leading to improved accuracy in pre-

dicting translation initiation start positions.

In the subsequent subchapters, an examination of the specific architectures, design choices,
performance evaluations, and integration strategies employed within each branch. Combin-
ing these branches aims to provide a robust and accurate model for predicting translation
initiation start positions, contributing to advancements in gene annotation and functional ge-

nomics.

3.1.1 Hyperparameter Tuning

Hyperparameter tuning is a crucial step in machine learning model development, involv-
ing the systematic exploration of different values for hyperparameters to identify the optimal
configuration. Hyperparameters, such as learning rate, batch size, number of filters, kernel
size, and dropout rate, significantly impact the model’s performance and generalization ca-
pabilities.

In this study, hyperparameter tuning was performed across all the proposed branches (ex-
cept the hexamer branch) which will be analyzed later in the thesis. A systematic search was
conducted, considering different combinations of hyperparameter values, to identify the opti-
mal settings that yield the best performance on the validation set. This iterative process helps

to fine-tune the model and enhance its predictive capabilities.

By performing hyperparameter tuning, it was ensured that all the models were configured
optimally and capable of capturing the most relevant features from the input data. The results
presented later in this thesis are based on the models’ performance after the hyperparameter

tuning process.
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3.1.2 Metrics

To evaluate the performance of the different architectures in predicting translation initia-
tion start positions, several commonly used evaluation metrics are employed. These metrics
provide quantitative measures of the models’ accuracy, precision, and recall, enabling a com-
prehensive assessment of their predictive capabilities.

Accuracy: Accuracy measures the overall correctness of the predictions made by the
model. It is calculated as the ratio of the total number of correct predictions to the total number
of predictions. A higher accuracy score indicates a higher level of correctness in the model’s
predictions.

Precision: Precision quantifies the proportion of true positive predictions out of all posi-
tive predictions made by the model. It is computed as the ratio of true positives to the sum of
true positives and false positives. Precision provides insights into the model’s ability to avoid
false positives and make precise predictions.

Recall (Sensitivity): Recall, also known as sensitivity or true positive rate, measures the
proportion of actual positive instances correctly identified by the model. It is calculated as
the ratio of true positives to the sum of true positives and false negatives. Recall reflects the
model’s ability to detect true positives and is particularly important when the identification
of positive instances is critical.

These evaluation metrics collectively offer a comprehensive understanding of the RNA
Sequence Branch’s performance in predicting translation initiation start positions. By exam-
ining accuracy, precision, and recall, we can gain insights into the model’s overall correctness,
precision in positive predictions, and sensitivity in identifying true positive instances. These
metrics will be used to analyze and assess the performance of the RNA Sequence Branch

throughout the training process and compare it with other models and baselines

3.2 RNA Sequence Branch

3.2.1 Architecture and Design Choices

The RNA Sequence Branch plays a crucial role in the overall model architecture, focusing
on extracting relevant features from the RNA sequences to predict translation initiation start

positions. By leveraging convolutional neural networks (CNNs), this branch aims to capture
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local patterns and sequence motifs that are indicative of the presence or absence of start
codons.

RNA sequences contain vital information about the genetic code and play a fundamental
role in protein synthesis. Analyzing these sequences can provide insights into the initiation
of translation, a key step in protein production. By identifying the exact location of transla-
tion initiation start sites, the understanding of gene expression and protein function can be
enhanced.

In this branch, the RNA sequences are preprocessed and encoded as one-hot vectors,
allowing the model to capture the sequence composition and local patterns. The use of a 23-
base pair (bp) window size was chosen to consider a sufficient context around the translation
initiation start codon (AUGQG), as well as additional bases before and after it. This window size
aligns with known biological characteristics, as the AUG codon is the most common start

codon and is typically surrounded by specific nucleotide sequences.

3.2.2 Architecture and Design Choices

The architecture of the RNA Sequence Branch consists of multiple layers, including con-
volutional and pooling layers, which are designed to capture hierarchical features at various
scales. The specific configuration of these layers, such as kernel sizes, number of filters,
and activation functions, is carefully chosen to optimize the model’s ability to capture start
codon-related patterns.

In more detail, the RNA Sequence Branch consists of three Conv1D layers with max-
pooling layers in between. These layers form the core architecture for capturing local patterns
and relevant features associated with translation initiation start positions.

The Conv1D layers are designed to extract features from the encoded RNA sequences
by applying a set of learnable filters across the sequence. Following each Conv1D layer, a
max pooling layer is applied to downsample the feature maps, retaining the most important
information while reducing spatial dimensions.

To improve generalization and mitigate overfitting, dropout layers are inserted after each
max pooling layer. Dropout randomly deactivates a fraction of neurons during training, pre-
venting over-reliance on specific features and encouraging the model to learn more robust
representations.

The final output from the Conv1D layers is passed through a flatten layer, which trans-
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forms the multidimensional feature maps into a flattened vector representation. This vector

can be fed into subsequent fully connected layers for further processing and prediction.
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input_1 input: | [(None, 23, 4)]
InputLayer | output: | [(None, 23, 4)]

convld | input: (None, 23, 4)
ConvlD | output: | (None, 19, 256)

l

batch_normalization | input: | (None, 19, 256)
BatchNormalization | output: | (None, 19, 256)

l

max_poolingld | input: | (None, 19, 256)
MaxPoolingl D | output: | (None, 10, 256)

dropout | input: | (None, 10, 256)
Dropout | output: | (None, 10, 256)

l

convld 1 | input: | (None, 10, 256)
ConvlD | output: | (None, 6, 512)

l

batch normalization 1 | input: | (None, 6, 512)
BatchNormalization output: | (None, 6, 512)

l

max_poolingld_1 | input: | (None, 6, 512)
MaxPooling1D output: | (None, 3, 512)

l

dropout_1 | input: | (None, 3, 512)
Dropout | output: | (None, 3, 512)

l

convld 2 | input: (None, 3, 512)
ConvlD | output: | (None, 1, 1024)

l

batch_normalization_2 | input: | (None, 1, 1024)

BatchNormalization output: | (None, 1, 1024)

l

max_poolingld 2 | input: | (None, 1, 1024)
MaxPooling1D output: | (None, 1, 1024)

l

dropout 2 | input: | (None, 1, 1024)
Dropout | output: | (None, 1, 1024)

flatten | input: | (None, 1, 1024)
Flatten | output: (None, 1024)

l

dense | input: | (None, 1024)
Dense | output: | (None, 128)

l

dense 1 | input: | (None, 128)
Dense output: | (None, 64)

l

dense 2 | input: | (None, 64)
Dense | output: | (None, 32)

l

dense_3 | input: | (None, 32)
Dense | output: | (None, 16)

l

dense 4 | input: | (None, 16)
Dense | output: | (None, 8)

l

dense 5 | input: | (None, 8)
Dense | output: | (None, 1)

Figure 3.1: Sequence Model Architecture
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3.2.3 Performance Evaluation

To ensure optimal performance of the RNA Sequence Branch, hyperparameter tuning was
performed to identify the best configuration for the model. The hyperparameters considered
in the tuning process included the learning rate and the learning algorithm, batch size, number
of filters, kernel size, activation functions, and Dropout rates. Through a systematic search of
various combinations of hyperparameter values, the optimal settings were identified based on
their performance on the validation set. The best hyperparameters determined for the RNA

Sequence Branch were:
* Learning rate: 0.01
* Learning algorithm: Adam
* Batch size: 64
* Filters: 256, 512, 1024, respectively for each CNN layer
» Kernel sizes: 5, 5, 3, respectively for each CNN layer
» Activation Functions: relu, relu, relu
* Dropout rates: 0.2, 0.2, 0.1, respectively for each Dropout layer

The results from the RNA Sequence branch were :

Loss Accuracy Precision  Recall TP FP TN FN

0.3862122  0.83333  0.846062 0.814942 709 129 741 161

3.3 Contrafold Branch

The Contrafold Branch is a crucial component of the model architecture, aiming to incor-
porate secondary structure information from RNA sequences into the prediction of translation
initiation start positions. To achieve this, the branch leverages the first edition of Stanford’s
Contrafold code, which predicts the secondary structure of an RNA sequence and produces a
sequence of characters representing base pairings (’(’, ’)’) and unpaired positions (’.”). This
secondary structure prediction offers valuable insights into the potential folding patterns and

structural constraints within the RNA sequences.
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In the Contrafold Branch, the output of the Contrafold code is preprocessed by converting
the characters (’(’, ’)’, and ’.”) into a numerical representation using one-hot encoding. This
vectorization step transforms the secondary structure sequence into a binary matrix, which

can be readily fed into the subsequent convolutional layers of the model.

The architecture of the Contrafold Branch shares similarities with the RNA Sequence
Branch, comprising convolutional layers and pooling layers. However, instead of directly
processing the RNA sequences, the Contrafold Branch takes the one-hot encoded secondary
structure representation as input. The convolutional layers within this branch are specifically
designed to extract structural features and capture patterns within the secondary structure
sequence. Through experimentation and optimization, the configuration of these convolu-
tional layers, including kernel sizes, number of filters, and activation functions, is carefully

determined to enhance the model’s ability to learn meaningful structural representations.
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input 2 input: [ [(None, 303, 3)]
InputLayer | output: | [(None, 303, 3)]

convld 3 | input: (None, 303, 3)

ConvlD | output: | (None, 299, 256)

Y
batch normalization 3 | input: | (None, 299, 256)

BatchNormalization | output: | (None, 299, 256)

max_poolingld_3 | input: | (None, 299, 256)
MaxPooling1D output: | (None, 150, 256)

A
dropout 3 | input: | (None, 150, 256)

Dropout | output: | (None, 150, 256)

A
convld 4 | input: | (None, 150, 256)

ConvlD | output: | (None, 146, 512)

Y
max_poolingld 4 | input: | (None, 146, 512)
MaxPooling1D output: | (None, 73, 512)

A J
dropout_4 | input: | (None, 73, 512)

Dropout | output: | (None, 73, 512)

Y
convld 5 | input: (None, 73, 512)

ConvlD | output: | (None, 71, 1024)

max_poolingld 5 | input: | (None, 71, 1024)
MaxPoolinglD output: | (None, 36, 1024)

dropout 5 | input: | (None, 36, 1024)

Dropout | output: | (None, 36, 1024)

Y
flatten_1 | input: | (None, 36, 1024)

Flatten | output: (None, 36864)

Y
dense 6 | input: | (None, 36864)

Dense | output: (None, 128)

 J
dense 7 | input: | (None, 128)

Dense | output: | (None, 64)

A
dense 8 | input: | (None, 64)

Dense | output: | (None, 32)

dense 9 | input: | (None, 32)
Dense | output: | (None, 16)

dense_10 | input: | (None, 16)

Dense output: | (None, 8)

Y
dense_11 | input: | (None, 8)
Dense output: | (None, 1)

Figure 3.2: Contrafold Model Architecture
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3.3.1 Architecture and Design Choices

To ensure optimal performance of the Contrafold Branch, hyperparameter tuning was per-
formed to identify the best configuration for the model. The hyperparameters considered in
the tuning process included the learning rate and the learning algorithm, batch size, number
of filters, kernel size, activation functions, and Dropout rates. Through a systematic search
of various combinations of hyperparameter values, the optimal settings were identified based
on their performance on the validation set. The best hyperparameters determined for the Con-

trafold Branch were:
* Learning rate: 0.0001
* Learning algorithm: Adam

» Batch size: 64

Filters: 128, 1024, 1024, respectively for each CNN layer

» Kernel sizes: 5, 5, 3, respectively for each CNN layer

Activation Functions: relu, selu, selu
* Dropout rates: 0.2, 0.1, 0.1, respectively for each Dropout layer

The results from the Contrafold branch were :

Loss Accuracy Precision Recall TP FP TN FN

0.536843 0.73103  0.68075 0.870114 757 355 515 113

3.4 Conservation Branch

The Conservation Branch plays a vital role in incorporating information about the con-
servation levels of genomic regions surrounding translation initiation start positions. Con-
servation scores provide valuable insights into the evolutionary importance and functional
relevance of specific genomic regions.

To capture the conservation information, the Conservation Branch utilizes the same 23
base pairs as the RNA Sequence Branch, which include the 15 base pairs before the trans-

lation initiation start (TIS) codon, the TIS codon itself, and an additional 5 base pairs. This
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configuration ensures that the conservation information aligns with the corresponding RNA

sequence.

To obtain the conservation scores, the constructed input, along with the corresponding
chromosome information, is passed to the pyBigWig Python library. This library enables
the retrieval of conservation profiles from a precomputed bigWig file, which contains the
conservation scores across the genome. By passing the file to the pyBigWig library, an array

of conservation values is obtained, corresponding to the specified genomic region of interest.

The conservation scores reflect the level of evolutionary conservation for each position
within the region. Higher conservation scores indicate positions that have remained conserved

across different species and are likely to have functional importance.

To further improve the performance of the model, a scaler is trained on the training data
using the conservation scores. This scaler ensures that the conservation values are appropri-
ately scaled and consistent across the training and test datasets. By applying the scaler to the
test data as well, the model can effectively handle conservation scores from unseen genomic

regions.

Once the preprocessing steps are completed, the final input for the Conservation Branch
is obtained, which incorporates both the RNA sequence and the corresponding conservation
scores. This joint input allows the model to capture the relationship between the sequence

information and the evolutionary conservation of the genomic region.
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input_3 input: | [(None, 23, 1)]
InputLayer | output: | [(None, 23, 1)]

convld 6 | input: (None, 23, 1)
ConvlD | output: | (None, 19, 256)

max poolingld 6 | input: | (None, 19, 256)
MaxPooling1D output: | (None, 10, 256)

dropout 6 | input: | (None, 10, 256)
Dropout | output: | (None, 10, 256)

convld 7 | input: | (None, 10, 256)
ConvlD | output: | (None, 6, 512)

max poolingld 7 | input: | (None, 6, 512)
MaxPoolinglD output: | (None, 3, 512)

dropout 7 | input: | (None, 3, 512)
Dropout | output: | (None, 3, 512)

convld 8 | input: (None, 3, 512)
ConvlD | output: | (None, 1, 1024)

max_poolingld_8 | input: | (None, 1, 1024)
MaxPoolinglD output: | (None, 1, 1024)

dropout_8 | input: | (None, 1, 1024)
Dropout | output: | (None, 1, 1024)

flatten 2 | input: | (None, 1, 1024)
Flatten | output: (None, 1024)

dense 12 | input: | (None, 1024)
Dense output: | (None, 128)

dense_13 | input: | (None, 128)
Dense output: | (None, 64)

Y
dense_14 | input: | (None, 64)

Dense output: | (None, 32)

dense 15 | input: | (None, 32)
Dense output: | (None, 16)

dense 16 | input: | (None, 16)
Dense output: | (None, 8)

dense_17 | input: | (None, 8)

Dense output: | (None, 1)

Figure 3.3: Conservation Model Architecture
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3.4.1 Architecture and Design Choices

To ensure optimal performance of the Conservation Branch, hyperparameter tuning was
performed to identify the best configuration for the model. The hyperparameters considered
in the tuning process included the learning rate and the learning algorithm, batch size, number
of filters, kernel size, activation functions, and Dropout rates. Through a systematic search
of various combinations of hyperparameter values, the optimal settings were identified based
on their performance on the validation set. The best hyperparameters determined for the Con-

servation Branch were:
* Learning rate: 0.0001
* Learning algorithm: Adam
* Batch size: 64
« Filters: 128, 1024, 1024, respectively for each CNN layer
» Kernel sizes: 5, 5, 3, respectively for each CNN layer
» Activation Functions: relu, selu, selu
* Dropout rates: 0.2, 0.1, 0.1, respectively for each Dropout layer

The results from the Conservation branch were :

Loss Accuracy Precision  Recall TP FP TN FN

0.44620147 0.776436 0.904201 0.618390 538 57 813 332

3.5 Hexamer Branch

The Hexamer Branch of the proposed model incorporates the hexamer feature, which
provides additional information about the presence and distribution of specific hexamer pat-
terns in the genomic regions surrounding translation initiation start (TIS) codons. Hexamers
are six-base sequences that may contain valuable information related to translation initiation
and gene regulation.

To construct the input for the Hexamer Branch, 149 base pairs before the TIS codon and
149 base pairs after the TIS codon are selected, resulting in a total of 301 base pairs. This

configuration ensures that the hexamer patterns capture the relevant context around the TIS
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codon, allowing the model to capture the patterns and relationships among different hexamer

sequences.

From the selected region, a hexamer matrix is constructed. Each position in the matrix
corresponds to a hexamer sequence, and the value in that position represents the number of
times that hexamer has appeared in the sequence. If a particular hexamer is not present in the
selected region, a value of 0 is assigned to that position in the matrix. This matrix provides a

representation of the hexamer patterns within the genomic region.

To enhance the performance of the model, preprocessing steps are applied to the hex-
amer matrix, including scaling. Similar to the Conservation Branch, a scaler is trained on
the training data using the hexamer matrix. This scaler ensures that the hexamer values are

appropriately scaled and consistent across the training and test datasets.

Once the scaler is trained, it is applied to both the training and test data to transform the
hexamer matrix. This step ensures that the input provided to the network maintains the same
scaling and preserves the relationships within the hexamer patterns. By incorporating the
scaled hexamer matrix as input, the Hexamer Branch allows the model to learn and capture
the patterns and relationships among different hexamer sequences in the genomic regions

surrounding the TIS codons.

3.5.1 Architecture and Design Choices

In the case of the Hexamer Branch, it’s important to note that due to the computational
complexity and time constraints involved in training and evaluating each model, a compre-
hensive hyperparameter tuning process was not performed. Given the extensive nature of the
hexamer feature extraction and the resulting large matrix, training and evaluating multiple
model configurations with different hyperparameter settings would have required a signifi-
cant amount of computational resources and time. Therefore, a decision was made to prior-
itize model development and evaluation using a set of reasonable default hyperparameters
that are commonly found to be effective in similar tasks. Thus, the same options that were

used for the RNA sequence Branch were used.
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input 4 input: [ [(None, 15625, 1)]
InputLayer | output: | [(None, 15625, 1)]

Y
convld 9 | input: (None, 15625, 1)

ConvlD | output: | (None, 15621, 256)

Y
batch normalization 4 | input: | (None, 15621, 256)

BatchNormalization | output: | (None, 15621, 256)

max_poolingld_9 | input: | (None, 15621, 256)
MaxPoolingl D output: | (None, 7811, 256)

A
dropout 9 | input: | (None, 7811, 256)

Dropout | output: | (None, 7811, 256)

A
convld 10 | input: | (None, 7811, 256)

ConvlD output: | (None, 7807, 512)

A
max_poolingld 10 | input: | (None, 7807, 512)

MaxPooling1 D output: | (None, 3904, 512)

A J
dropout_10 | input: | (None, 3904, 512)

Dropout output: | (None, 3904, 512)

Y
convld 11 | input: (None, 3904, 512)

ConvlD output: | (None, 3902, 1024)

max _poolingld 11 | input: | (None, 3902, 1024)
MaxPoolingl D output: | (None, 1951, 1024)

Y
dropout_11 | input: | (None, 1951, 1024)

Dropout output: | (None, 1951, 1024)

 J
flatten_3 | input: | (None, 1951, 1024)

Flatten | output: (None, 1997824)

Y
dense_18 | input: | (None, 1997824)

Dense output: (None, 128)

 J
dense_19 | input: | (None, 128)

Dense output: | (None, 64)

A
dense 20 | input: | (None, 64)

Dense output: | (None, 32)

dense 21 | input: | (None, 32)

Dense output: | (None, 16)

dense_22 | input: | (None, 16)

Dense output: | (None, 8)

Y
dense 23 | input: | (None, 8)

Dense output: | (None, 1)

Figure 3.4: Hexamer Model Architecture
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3.5.2 Performance Evaluation

The results from the Hexamer branch were :

Loss Accuracy Precision Recall TP FP TN FN

0.3832695 0.83908 0.917847 0.7448275 648 58 812 222

3.6 Integration of Branches

The integration of the branches was driven by several key objectives. First and foremost,
the aim was to improve the overall accuracy of translation initiation start position prediction
by harnessing the collective power of multiple sources of information. By combining separate
sequence patterns, secondary structure, conservation, and hexamer features, the integrated
model sought to uncover and leverage the synergies between these components. Also, by
integrating the several branches with one another, it can be observed which features each
branch is able to extract from the initial input. This analysis helps to understand if all the
branches are providing new and different inputs to the collective model, thereby enhancing
the final prediction, or if some branches only add overhead to the model’s predictions without
offering distinct perspectives.

Additionally, the integration aimed to enhance precision and recall, ensuring a higher
degree of correctness and sensitivity in identifying true translation initiation start positions.
This objective was particularly crucial in reducing false positive and false negative predic-
tions, which have significant implications for downstream analyses and understanding gene
expression. Lastly, the integration sought to bolster the model’s robustness, making it more
resilient to noise, uncertainties, and variations in the input data. By utilizing the strengths of
each branch and integrating them cohesively, the model aspired to improve prediction per-
formance, advance the field of translation initiation start position prediction, and contribute
to the understanding of gene expression and protein synthesis.

To integrate the branches effectively, a multi-branch fusion network approach was em-
ployed. The outputs from each branch were combined to create several prediction models that
leverage the diverse information captured by the RNA Sequence Branch, Contrafold Branch,
Conservation Branch, and Hexamer Branch, depending the integration. The fusion process
involved aggregating the feature representations from each branch and feeding them into a

shared set of fully connected layers. This approach facilitated the fusion of sequence pat-
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terns, secondary structure information, conservation levels, and hexamer features, enabling
the models to capture a comprehensive understanding of translation initiation start positions.
By leveraging this integration, the models aimed to enhance prediction accuracy by lever-
aging the complementary nature of the branches and improving their ability to discern the

critical features associated with translation initiation.
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3.6.1 RNA Sequence + Contrafold Integration

input_1 input: | [(None, 23, 4)]
InputLayer | output: | [(None, 23, 4)]

l

convld 12 | input: (None, 23, 4)
ConvlD output: | (None, 19, 256)

batch_normalization_5 | input: | (None, 19, 256) input_2 input: | [(None, 303, 3)]
BatchNormalization output: | (None, 19, 256) InputLayer | output: | [(None, 303, 3)]
max_poolingld 12 | input: | (None, 19, 256) convld_15 | input: (None, 303, 3)

MaxPooling1D output: | (None, 10, 256) Conv1D output: | (None, 299, 128)
dropout_12 | input: | (None, 10, 256) batch_normalization_8 | input: | (None, 299, 128)
Dropout output: | (None, 10, 256) BatchNormalization | output: | (None, 299, 128)
convld 13 | input: | (None, 10, 256) max_poolingld_15 | input: | (None, 299, 128)
ConvlD output: | (None, 6, 512) MaxPoolingl D output: | (None, 150, 128)

batch_normalization 6 | input: | (None, 6, 512) dropout_15 | input: | (None, 150, 128)
BatchNormalization | output: | (None, 6, 512) Dropout output: | (None, 150, 128)
max_poolingld_13 | input: | (None, 6, 512) convld_16 | input: | (None, 150, 128)

MaxPoolingl D output: | (None, 3, 512) ConvlD output: | (None, 146, 256)
dropout_13 | input: | (None, 3, 512) max_poolingld_16 | input: | (None, 146, 256)
Dropout output: | (None, 3, 512) MaxPooling1 D output: | (None, 73, 256)
convld 14 | input: (None, 3, 512) dropout_16 | input: | (None, 73, 256)
ConvlD output: | (None, 1, 1024) Dropout output: | (None, 73, 256)
batch_normalization_7 | input: | (None, 1, 1024) convld_17 | input: | (None, 73, 256)
BatchNormalization output: | (None, 1, 1024) ConvlD output: | (None, 71, 512)

l l

max_poolingld 14 | input: | (None, 1, 1024) max_poolingld 17 | input: | (None, 71, 512)
MaxPooling1D output: | (None, 1, 1024) MaxPooling1D output: | (None, 36, 512)
dropout_14 | input: | (None, 1, 1024) dropout_17 | input: | (None, 36, 512)
Dropout output: | (None, 1, 1024) Dropout output: | (None, 36, 512)
flatten 4 | input: | (None, 1, 1024) flatten 5 | input: | (None, 36, 512)
Flatten | output: (None, 1024) Flatten | output: | (None, 18432)
concatenate | input: | [(None, 1024), (None, 18432)]
Concatenate | output: (None, 19456)

l

dense 24 | input: | (None, 19456)
Dense output: (None, 128)

l

dense_25 | input: | (None, 128)

Dense output: | (None, 64)

l

dense 26 | input: | (None, 64)
Dense output: | (None, 32)

l

dense 27 | input: | (None, 32)
Dense output: | (None, 16)

l

dense 28 | input: | (None, 16)
Dense output: | (None, 8)

l

dense_29 | input: | (None, 8)
Dense output: | (None, 1)

Figure 3.5: Sequence + Contrafold Model Architecture
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Loss Accuracy Precision  Recall TP FP TN FN

0.392805 0.837931 0.87215 0.791954 689 101 769 181

The integration of the sequence and Contrafold branches aimed to leverage the addi-
tional information captured by the Contrafold branch, specifically the secondary structure
characteristics, in combination with the sequence-based features. However, upon analyzing
the results, it was observed that the Contrafold branch did not bring any new distinct fea-
tures or substantial improvements in performance when combined with the sequence branch.
The performance metrics and evaluation results revealed that the predictions made by the
integrated model were comparable to those obtained solely using the sequence branch. This
indicates that the Contrafold branch, despite its inclusion, did not provide any significant
additional insights or contribute distinctive information for predicting translation initiation
start positions. Therefore, the analysis suggests that the sequence branch alone is sufficient

for capturing the relevant features and achieving accurate predictions in this context.
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3.6.2 RNA Sequence + Conservation Integration

input_1 input: | [(None, 23, 4)]
InputLayer | output: | [(None, 23, 4)]
convld 18 | input: (None, 23, 4)

ConvlD output: | (None, 19, 256)

batch_normalization 9 | input: | (None, 19, 256)

BatchNormalization

output:

(None, 19, 256)

l

max_poolingld_18 | input: | (None, 19, 256) input_3 input: | [(None, 23, 1)]
MaxPooling1D output: | (None, 10, 256) InputLayer | output: | [(None, 23, 1)]
dropout_18 | input: | (None, 10, 256) convld_21 | input: (None, 23, 1)
Dropout output: | (None, 10, 256) Convl1D output: | (None, 19, 64)

convld_19 | input: | (None, 10, 256) max_poolingld 21 | input: | (None, 19, 64)
ConvlD output: | (None, 6, 512) MaxPooling1D output: | (None, 10, 64)
batch_normalization 10 | input: | (None, 6, 512) dropout_21 | input: | (None, 10, 64)
BatchNormalization output: | (None, 6, 512) Dropout output: | (None, 10, 64)
max_poolingld 19 | input: | (None, 6, 512) convld 22 | input: | (None, 10, 64)
MaxPoolinglD output: | (None, 3, 512) ConvlD output: | (None, 6, 128)
dropout_19 | input: | (None, 3, 512) max_poolingld_22 | input: | (None, 6, 128)
Dropout output: | (None, 3, 512) MaxPooling1D output: | (None, 3, 128)
convld 20 | input: (None, 3, 512) dropout_22 | input: | (None, 3, 128)
ConvlD output: | (None, 1, 1024) Dropout output: | (None, 3, 128)

l )

input: | (None, 1, 1024) convld_23 | input:
output: | (None, 1, 1024) Convl1D output:

l .

batch_normalization_11

BatchNormalization

(None, 3, 128)
(None, 1, 256)

max_poolingld 20 | input: | (None, 1, 1024) max_poolingld 23 | input: | (None, 1, 256)
MaxPooling1D output: | (None, 1, 1024) MaxPoolinglD output: | (None, 1, 256)
dropout_20 | input: [ (None, 1, 1024) dropout_23 | input: | (None, 1, 256)
Dropout output: | (None, 1, 1024) Dropout output: | (None, 1, 256)
flatten 6 | input: | (None, 1, 1024) flatten_7 | input: | (None, 1, 256)
Flatten | output: (None, 1024) Flatten | output: (None, 256)

>,

concatenate_1 | input: [(None, 1024), (None, 256)]
Concatenate | output: (None, 1280)
dense 30 | input: | (None, 1280)
Dense output: | (None, 128)
dense_31 | input: | (None, 128)
Dense output: | (None, 64)
dense 32 | input: | (None, 64)
Dense output: | (None, 32)
dense 33 | input: | (None, 32)
Dense output: | (None, 16)
dense 34 | input: | (None, 16)
Dense output: [ (None, 8)
dense_35 | input: | (None, 8)
Dense output: | (None, 1)

Figure 3.6: RNA Sequence + Conservation Model Architecture
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Loss Accuracy Precision Recall TP FP TN FN

0.4603286 0.7988505 0.823383 0.760919 662 142 728 208

The integration of the sequence and Conservation branches aimed to combine the sequence-
based features with the conservation information extracted from the genomic context, with
the expectation of improving the prediction accuracy of translation initiation start positions.
However, upon analyzing the results, it was observed that the integration of the Conservation
branch with the sequence branch did not yield the expected improvement and, in fact, resulted
in slightly worse performance compared to using the sequence branch alone. The evaluation
metrics and analysis revealed a marginal decrease in accuracy, precision, and recall, indi-
cating that the incorporation of the conservation information did not contribute significantly
to enhancing the prediction of translation initiation start positions. These findings suggest
that, in this particular context, the Conservation branch did not provide additional valuable
insights or complement the sequence-based features in capturing relevant patterns associated
with translation initiation. As a result, it can be concluded that, for this specific task, the se-
quence branch alone remains the primary contributor to accurate predictions of translation

initiation start positions.
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input_2 input:

[(INone, 303, 3)]

InputLayer | output:

[(None, 303, 3)]

|
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convld 30 | input:

(None, 303, 3)

input_3 input: | [(None, 23, 1)]

ConvlD | output:

(None, 299, 128)

InputLayer | output: | [(None, 23, 1)]

l

l

batch_normalization_15 | input: | (None, 299, 128) convld 33 | input: | (None, 23, 1)
BatchNormalization output: | (None, 299, 128) ConvlD | output: | (None, 19, 64)
max_poolingld 30 | input: | (None, 299, 128) max_poolingld 33 | input: | (None, 19, 64)

MaxPoolingl D

output:

(None, 150, 128)

MaxPoolingl D

output: | (None, 10, 64)

|

l

dropout_30 | input:

(None, 150, 128)

dropout 33 | input: | (None, 10, 64)

Dropout output:

(None, 150, 128)

Dropout output: | (None, 10, 64)

l

l

convld 31 | input:

(None, 150, 128)

convld 34 | input: | (None, 10, 64)

ConvlD | output:

(None, 146, 256)

ConvlD | output: | (None, 6, 128)

l

l

max_poolingld 31

input:

(None, 146, 256)

max_poolingld 34

input: | (None, 6, 128)

MaxPooling1D

output:

(None, 73, 256)

MaxPooling1D

output: | (None, 3, 128)

|

\

dropout 31 | input:

(None, 73, 256)

dropout 34 | input: | (None, 3, 128)

Dropout output:

(None, 73, 256)

Dropout output: | (None, 3, 128)

)

l

convld 32 | input:

(None, 73, 256)

convld 35 | input: | (None, 3, 128)

ConvlD | output:

(None, 71, 512)

ConvlD | output: | (None, 1, 256)

l

l

max_poolingld 32 | input: | (None, 71, 512) max_poolingld 35 | input: | (None, 1, 256)
MaxPooling1 D output: | (None, 36, 512) MaxPooling1D output: | (None, 1, 256)
dropout 32 | input: | (None, 36, 512) dropout_35 | input: | (None, 1, 256)
Dropout output: | (None, 36, 512) Dropout output: | (None, 1, 256)
flatten_10 | input: | (None, 36, 512) flatten 11 | input: | (None, 1, 256)
Flatten output: | (None, 18432) Flatten | output: | (None, 256)

~,

e

concatenate_3 | input: | [(None, 18432), (None, 256)]

Concatenate | output:

(None, 18688)

)

dense 36 | input:

(None, 18688)

Dense output:

(None, 128)

'

dense 37 | input:

(None, 128)

Dense | output: | (None, 64)
dense 38 | input: | (None, 64)

Dense output:

(None, 32)

|

dense 39 | input:

(None, 32)

Dense output:

(None, 16)

I

dense 40 | input:

(None, 16)

Dense output: | (None, 8)
dense 41 | input: | (None, 8)
Dense output: | (None, 1)

Figure 3.7: Contrafold + Conservation Model Architecture
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Loss Accuracy Precision Recall TP FP TN FN

0.3953962 0.8195402  0.8475 0.77931 678 122 748 192

The integration of the Contrafold and Conservation branches, achieved through concate-
nating their respective features, revealed intriguing insights into the prediction of translation
initiation start positions. Notably, the combined integration demonstrated improved perfor-
mance compared to the individual branches when considered in isolation. This enhancement
in prediction accuracy, precision, and recall suggests a potential synergy between the sec-
ondary structure characteristics captured by the Contrafold branch and the evolutionary con-
servation patterns extracted by the Conservation branch. Interestingly, while the Contrafold
and Conservation branches did not individually outperform the sequence branch, their con-

catenation still yielded almost similar results.

The improved performance resulting from the concatenated integration raises an intrigu-
ing possibility: that the Contrafold and Conservation branches when combined, contribute
a complex feature that is not readily apparent in the sequence branch alone. The distinct
characteristics captured by the Contrafold branch, pertaining to secondary structure, and the
insights gleaned from the Conservation branch’s focus on evolutionary conservation, seem-
ingly complement each other in a manner that enhances the predictive power of the model.
This suggests that the interplay between secondary structure and conservation features con-
tributes to a nuanced and comprehensive understanding of translation initiation start positions

that transcend the information provided by the sequence branch.

The observation of enhanced performance through the concatenation of the Contrafold
and Conservation branches underscores the value of exploring diverse sources of informa-
tion and leveraging their interactions. This finding not only underscores the complexity of
the prediction task but also emphasizes the potential of integrative models in capturing intri-
cate and multifaceted features crucial for the accurate prediction of translation initiation start

positions.
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3.6.4 RNA Sequence + Contrafold + Conservation Integration

input_1 input: | [(None, 23, 4)]
Inputlayer | output: | [(None, 23, 4)]

l

convld_24 | input: (None, 23, 4)
Conv1D output: | (None, 19, 256)

|

batch_normalization_12 | input: | (None, 19, 256) input_2 input: | [(None, 303, 3)]
BatchNormalization output: | (None, 19, 256) InputLayer | output: | [(None, 303, 3)]
max_poolingld 24 | input: | (None, 19, 256) convld 27 | input: (None, 303, 3) input_3 input: | [(None, 23, 1)]
MaxPooling1D output: | (None, 10, 256) ConvlD output: | (None, 299, 128) InputLayer | output: | [(None, 23, 1)]
dropout_24 | input: | (None, 10, 256) batch_normalization_15 | input: | (None, 299, 128) convld_30 | input: (None, 23, 1)
Dropout output: | (None, 10, 256) BatchNormalization output: | (None, 299, 128) ConvlD output: | (None, 19, 64)
convld_25 | input: [ (None, 10, 256) max_poolingld_27 | input: | (None, 299, 128) max_poolingld_30 | input: | (None, 19, 64)
Conv1D output: | (None, 6, 512) MaxPooling1D output: | (None, 150, 128) MaxPooling1D output: | (None, 10, 64)
batch_normalization 13 | input: | (None, 6, 512) dropout_27 | input: | (None, 150, 128) dropout_30 | input: | (None, 10, 64)
BatchNormalization output: | (None, 6, 512) Dropout output: | (None, 150, 128) Dropout output: | (None, 10, 64)
max_poolingld 25 | input: | (None, 6, 512) convld 28 | input: | (None, 150, 128) convld 31 | input: | (None, 10, 64)
MaxPooling1D output: | (None, 3, 512) ConvlD output: | (None, 146, 256) Conv1D output: | (None, 6, 128)
dropout_25 | input: | (None, 3, 512) max_poolingld 28 | input: | (None, 146, 256) max_poolingld 31 | input: | (None, 6, 128)
Dropout output: | (None, 3, 512) MaxPooling1D output: | (None, 73, 256) MaxPooling1D output: | (None, 3, 128)
convld 26 | input: (None, 3, 512) dropout_28 | input: | (None, 73, 256) dropout_31 | input: | (None, 3, 128)
Conv1D output: | (None, 1, 1024) Dropout output: | (None, 73, 256) Dropout output: | (None, 3, 128)
batch_normalization_14 | input: | (None, 1, 1024) convld_29 | input: | (None, 73, 256) convld 32 | input: | (None, 3, 128)
BatchNormalization output: | (None, 1, 1024) ConvlD output: | (None, 71, 512) ConvlD output: | (None, 1, 256)
max_poolingld 26 | input: | (None, 1, 1024) max_poolingld 29 | input: | (None, 71, 512) max_poolingld 32 | input: | (None, 1, 256)
MaxPooling1lD output: | (None, 1, 1024) MaxPoolingl D output: | (None, 36, 512) MaxPoolingl D output: | (None, 1, 256)
dropout_26 | input: | (None, 1, 1024) dropout_29 | input: | (None, 36, 512) dropout_32 | input: | (None, 1, 256)
Dropout output: | (None, 1, 1024) Dropout output: | (None, 36, 512) Dropout output: | (None, 1, 256)
flatten 8 | input: | (None, 1, 1024) flatten 9 | input: | (None, 36, 512) flatten_10 | input: | (None, 1, 256)
Flatten | output: (None, 1024) Flatten | output: | (None, 18432) Flatten output: (None, 256)

\

concatenate 2 | input: | [(None, 1024), (None, 18432), (None, 256)]
Concatenate | output: (None, 19712)

l

dense_36 | input: | (None, 19712)
Dense output: (None, 128)

l

dense_37 | input: | (None, 128)
Dense output: | (None, 64)

l

dense 38 | input: | (None, 64)
Dense output: | (None, 32)

l

dense_39 | input: | (None, 32)
Dense output: | (None, 16)

l

dense 40 | input: | (None, 16)
Dense output: | (None, 8)

l

dense 41 | input: | (None, 8)

Dense output: | (None, 1)

Figure 3.8: RNA Sequence + Contrafold + Conservation Model Architecture
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Loss Accuracy Precision Recall TP FP TN FN

0.2976811 0.882758 0.9012048 0.85977 748 82 788 122

The integration of the sequence, Contrafold, and Conservation branches proves to be the
most effective configuration yet, outperforming both individual branches and previous dual-
branch combinations. Notably, the combined integration of the Contrafold and Conservation
branches with the sequence branch yields notably enhanced results. This integration seems
to introduce fresh and complementary information, contributing to the model’s improved
precision in predicting translation initiation start positions. The synergy between secondary
structure insights and evolutionary conservation patterns appears to unveil intricate data re-

lationships, ultimately leading to a substantial performance enhancement.
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3.6.5 RNA Sequence + Contrafold + Conservation + Hexamer Integra-

tion

\ input_1 \ input: \ [(None, 23, 4)] |
| InputLayer | output: [ [(None, 23, 4)] |

[canv1d733[ input: | (None, 23, 4) |
[ ConviD | output: | (None, 19, 256) |

[ batch_normalization_16 [ input: | (None, 19,256) | [ input 2 [ input: [ [(None, 303, 3)] | [ input 4 [ input: [ [(None, 15625, 1)] |
| BatchNormalization | output: | (None, 19, 256) \ | InputLayer | output: | [(None, 303, 3)] | | InputLayer | output: | [(None, 15625, 1)] |
[ max pooling1d 33 | input: | (None, 19, 256) | [(convid 36 | input: [ (None, 303, 3) | [ input 3 | input: [[(None, 23, 1] | [convid 42 ] input: [ (None, 15625,1) |
[ MaxPooling1D [ output: [ (None, 10, 256) | | ConvlD | output: \ (None, 299, 128) \ [ TnputLayer | output: | [(None, 23, 1)] \ [ ConvlD | output: | (None, 15621, 128) ]
[ dropout_33 [ input: | (None, 10, 256) | [batch_normalization_19 [ input: | (None, 299, 128) | [ convld 39 | input: [ (Nome, 23,1) | [batch normalization 20 | input: | (None, 15621,128) |
| Dropout [ output: | (None, 10, 256) | | BatchNormalization | output: | (None, 299, 128) | | ConvID | output: [ (None, 19,64) | | BatchNormalization | output: | (None, 15621, 128) |
| convld_34 | input: ] (None, 10, 256) | | max_pooling1d_36 | input: ] (None, 299, 128) | | max_poolingld_39 } input: | (None, 19, 64) ] | max_pooling1d_42 | input: ] (None, 15621, 128) |
\ ConvlD loutput: | (None, 6, 512) | | MaxPooling1D |output: | (None, 150, 128) | | MaxPooling1D \ output: \ (None, 10, 64) | | MaxPooling1D luutput: | (None, 7811, 128) |
\ batch_normalization_17 | input: | (None, 6, 512) | | dropout_36 \ input: | (None, 150, 128) | \ dropout_39 | input: \ (None, 10, 64) \ \ dropout_42 | input: | (None, 7811, 128) \
| BatchNormalization | output: | (None, 6,512) | | Dropout | output: | (None, 150, 128) | | Dropout [ output: | (None, 10, 64) | | Dropout | output: | (None, 7811, 128) |
[ max_pooling1d_34 [ input: | (None, 6,512) | [[conv1d 37 | input: [ (None, 150, 128) | [[conv1d 40 [ input: [ (None, 10, 64) | [[convid 43 input: [ (None, 7811,128) |
[ MaxPooling1D [ output: | (None, 3, 512) | [ ConviD | output: [ (None, 146, 256) | [ ConviD | output: [ (None, 6, 128) | [ ConviD | output: [ (None, 7807, 256) |
[ dropout_34 [ input: | (Nome, 3,512) | [ max_poolingld_37 [ input: | (None, 146, 256) | [ max_poolingld 40 | input: | (None, 6, 128) | [ max_poolingld_43 | input: | (None, 7807, 256) |
| Dropout | output: | (None, 3,512) | | MaxPooling1D | output: | (None, 73,256) | | MaxPoolinglD | output: | (None, 3, 128) | | MaxPoolinglD | output: | (None, 3904, 256) |
\ convld_35 \ input: | (None, 3, 512) | \ dropout_37 \ input: \ (None, 73, 256) | \ dropout_40 | input: \ (None, 3, 128) \ \ dropout_43 | input: | (None, 3904, 256) \
[ ConviD | output: [ (None, 1,1024) | [ Dropout [ output: | (None, 73, 256) | [ Dropout [ output: | (None, 3,128) | | Dropout [ output: | (None, 3904, 256) |
[batch normalization 18 | input: | (None, 1,1024) | [ convid 38 | input: | (None, 73, 256) | [convid a1 | input: [ (None, 3, 128) | [convid 44 | input: [ (None, 3904, 256) |
| BatchNormalization | output: | (None, 1, 1024) | | ConvlD | output: | (None, 71, 512) | | ConvlD | output: } (None, 1, 256) | | ConvlD } output: | (None, 3902, 512) |

[ max_pooling1d_35 | input: [ (None, 1, 1024) | [ max_poolingld_38 | input: | (None, 71,512) | [ max_poolingld 41 [ input: | (None, 1,256) | [ max_poolingld_44 [ input: | (None, 3902, 512) |

| MaxPooling1D | output: | (None, 1, 1024) \ \ MaxPooling1D \ output: \ (None, 36, 512) | | MaxPooling1D \ output: \ (None, 1, 256) | \ MaxPooling1D | output: \ (None, 1951, 512) \
\ dropout_35 | input: \ (None, 1, 1024) \ \ dropout_38 | input: | (None, 36, 512) \ \ dropout_41 \ input: \ (None, 1, 256) \ \ dropout_44 \ input: \ (None, 1951, 512) \
| Dropout [ output: | (None, 1, 1024) | | Dropout | output: | (None, 36, 512) | | Dropout | output: | (None, 1, 256) | |__Dropout [ output: | (None, 1951, 512) |
| flatten_11 ] input: | (None, 1, 1024) \ \ flatten_12 | input: | (None, 36, 512) | [ flatten_13 ] input: ] (None, 1, 256) | \ flatten_14 | input: | (None, 1951, 512) |

| Flatten [ output: | (None, 1024) | Flatten | output: | (None, 18432) | | Flatten | output: | (None, 256) | | Flatten | output: | (None, 998912) |

[ concatenate 3 [ input: [ [(None, 1024), (None, 18432), (None, 256), (None, 998912)] |
\ Concatenate ‘Dutput:‘ (None, 1018624)

[ dense 42 input: [ (None, 1018624) |
| Dense | output: | (None, 128) _|

| dense_43 | input: ] (None, 128) \
| Dense | output: | (None, 64) |

t: | (None, 32)

[“Dense |

o 16
one, 0

Figure 3.9: RNA Sequence + Contrafold + Conservation + Hexamer Model Architecture

Loss Accuracy Precision Recall TP FP TN FN

0.235511 0.905172 0.875399 0.9448275 822 117 753 48

The integration of the sequence, Contrafold, Conservation, and Hexamer branches marks

the culmination of the exploration, yielding the highest accuracy at an impressive 90%. This
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integrated model not only achieves the best accuracy but also boasts the lowest loss and the
highest recall among all configurations tested. While it slightly lags in precision compared to
the previous model, the holistic combination of these branches emerges as the clear leader. In
essence, this comprehensive integration stands out as the most successful model, showcasing
the potential of leveraging diverse features to achieve a robust and accurate prediction of

translation initiation start positions.






Chapter 4

Experimental Results and Analysis

With the architectures of the predictive models now firmly established, this chapter turns
its focus to empirical validation and analysis. A comprehensive examination of the models’
performance across various dimensions will be presented, assessing their ability to accurately
predict TIS positions. The evaluation metrics deployed provide a multi-faceted assessment
of the models’ effectiveness, from their ability to discern true positives and false positives to

the intricate balance between precision and recall.

4.1 Evaluation Metrics

In the realm of classifier models for translation initiation start, the significance of eval-
uation metrics becomes paramount. These metrics act as a guiding compass, enabling us to
navigate the intricate landscape of model performance. The nuanced nature of translation
initiation start prediction requires a comprehensive evaluation that goes beyond mere accu-
racy. Metrics such as precision, and recall score delve into the model’s ability to correctly
identify true translation start sites while minimizing false positives. The confusion matrix, in
particular, provides a clear breakdown of true negatives, true positives, false negatives, and
false positives. By scrutinizing these metrics, we gain a holistic understanding of the model’s
strengths and areas for improvement. This comprehensive assessment empowers us to refine
the model, addressing specific weaknesses and optimizing its predictive prowess. In a field
where precision is pivotal, a thorough evaluation not only validates the model’s capabilities

but also elucidates its potential to enhance translation initiation site prediction.

57
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Confusion Matrix

Model Loss Accuracy Precision Recall

Model True Positives False Positives True Negative False Negative

The evaluation begins, by presenting a detailed view of model performance through the
confusion matrix. The confusion matrix provides a comprehensive breakdown of classifica-
tion outcomes, revealing the interplay between true positives (TP), false positives (FP), true

negatives (TN), and false negatives (FN) across different models.

Model Performance Metrics

In the presented confusion matrixes, the key performance metrics for each model have
been summarized, including accuracy, precision, and recall. These metrics offer a clear in-
dication of the model’s ability to make accurate predictions and its sensitivity to identifying

positive instances.

Loss: Assessment of the model’s deviation from the ground truth. Lower loss values

indicate better alignment between predicted and actual values.

Accuracy: The ratio of correctly predicted instances to the total instances, giving an

overall performance measure.

Precision: The ratio of true positives to the sum of true positives and false positives,

reflects the model’s ability to avoid false alarms.

Recall: The ratio of true positives to the sum of true positives and false negatives, indi-

cates the model’s ability to capture all relevant positive instances.

The confusion matrix’s components provide deeper insights into the classification pro-

CCSS:

True Positives (TP): The number of correctly predicted positive instances.
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False Positives (FP): The number of instances predicted as positive but are actually

negative.

True Negatives (TN): The number of correctly predicted negative instances.

False Negatives (FN): The number of instances predicted as negative but are actually

positive.

Significance in TIS Prediction

In the context of Translation Initiation Start (TIS) prediction, each metric holds special

significance:

True Positives and Recall: A high recall signifies the model’s capacity to capture actual

TIS positions, minimizing the risk of missing important sites.

Precision: High precision ensures that predicted TIS positions are likely to be accurate,

minimizing false positives that could lead to incorrect annotations.

These metrics are vital in evaluating the performance of the models’ ensemble, helping
gauge how effectively the system identifies TIS positions while maintaining a balance be-
tween precision and recall.

The True Positives vs. False Positives (TP vs. FP) plot, featuring a dynamic true positive
threshold, introduces a distinct perspective into model classification performance. This par-
ticular metric serves a unique purpose in the evaluation, shedding light on how the model’s
behavior adapts as the classification threshold becomes increasingly conservative. In this
plot, the transition of true positives occurs as the true positive threshold ranges from 0.7 to
1.0. This incremental change in the threshold allows for an exploration of the models’ sensi-
tivities to different decision criteria. The plot offers insights into how the models respond to
increasingly stringent criteria for classifying instances as positive. As the threshold becomes
more conservative and approaches 1.0, the models demonstrate a reluctance to classify in-
stances as positive unless they are highly certain. This signifies a cautious approach, wherein
the models’ positive predictions only occur when they have a very high level of confidence.
This conservatism can result in higher precision but may lead to a reduced recall, as the

models become selective in labeling instances as positive. This dynamic threshold analysis
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mirrors practical scenarios where decision thresholds must align with specific objectives. In
the context of Translation Initiation Start (TIS) prediction, a highly conservative threshold
can be employed when minimizing false positives is paramount. Researchers may require
exceptionally strong evidence from the model before classifying an instance as positive.

The TP vs. FP plot with a dynamic threshold provides valuable insights into the models’
adaptability and versatility, especially as the threshold becomes more conservative. It offers
a clear depiction of how the models become increasingly cautious and selective in their pos-
itive predictions. Researchers can use this information to make informed decisions about the
threshold that best suits their specific objectives, whether emphasizing precision, recall, or
achieving a finely tuned balance.

The Precision vs. Sensitivity plot serves as a comprehensive metric for evaluating model
performance, offering valuable insights into how the models navigate the intricate landscape
of Translation Initiation Start (TIS) prediction. The plot’s depiction of precision and sensi-
tivity provides a dynamic view of how the models balance between correctly identifying true
TIS positions and minimizing false positives. The Precision vs. Sensitivity plot quantifies
model performance and visually illustrates the trade-offs and decision-making dynamics in-
herent in the models. By examining the curve’s shape and trajectory, we gain insights into

how the models prioritize precision over sensitivity and vice versa.

4.2 Baseline Models

4.2.1 Baseline Model Overview

In the realm of bio-informatics and genomics, traditional machine learning models have
long played a pivotal role in various sequence analysis tasks. Among these, Support Vector
Machines (SVM) and small feed-forward Multi-layer Perceptron Artificial Neural Networks
(MLP ANN) stand out as notable examples. SVM, known for its ability to handle complex
classification tasks through the use of well-defined decision boundaries, and MLP ANN, a
classic neural network architecture with multiple layers of interconnected nodes, have been
utilized in diverse biological sequence analysis scenarios. While these models have shown
their mettle in several applications, it is essential to understand their principles and limitations
when considering their application to specific tasks, such as predicting translation initiation

start positions.
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4.2.2 Datasets and Limitations

One significant challenge in comparing with the baseline machine learning models like
SVM and MLP ANN lies in the differences between the datasets used for training and evalu-
ation. SVM and MLP ANN models reported in the literature used datasets that were old and
mostly have been constructed by various biology labs. Consequently, adapting these baseline
models to a specific dataset can be non-trivial due to these variations. The model’s perfor-
mance may also depend heavily on the quality and representativeness of the dataset, making

direct comparisons challenging when the datasets diverge significantly from one another.

4.2.3 Scalability and Interpretability

Traditional machine learning models, including SVM and MLP ANN, have both strengths
and limitations. While they are generally interpretable, allowing researchers to glean insights
into the decision-making process, they may face scalability issues when dealing with large-
scale datasets or attempting to capture intricate, high-dimensional patterns. As a result, the
applicability of these models can vary depending on the task’s complexity and the availability
of extensive labeled data. Deep learning models, on the other hand, have demonstrated a
remarkable capacity to automatically extract meaningful features from raw data, making them
suitable for tasks where the underlying patterns are highly complex or poorly understood.

Applicability and Conclusion: In conclusion, while SVM and MLP ANN have been valu-
able tools in bioinformatics and genomics, their applicability and performance should be
considered in light of the unique challenges posed by the task at hand. The fundamental dif-
ferences in the learning mechanisms between traditional machine learning models and deep
learning models, such as the one developed in this study, underscore the need to tailor the
choice of model to the problem’s specific requirements. While traditional machine learning
models are interpretable and have their merits, the automated feature learning capabilities
of deep learning models offer promise in tackling complex, data-rich biological sequence

analysis tasks, such as predicting translation initiation start positions.

4.3 State-of-the-Art Models

The accurate prediction of translation initiation start sites (TIS) from genomic sequences

represents a crucial endeavor in genomics and bioinformatics. Understanding the mecha-
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nisms of gene expression and regulation hinges upon the ability to precisely identify these
initiation sites. In the past years, extensive research has been dedicated to this subject, driven
by its significance in unraveling gene function and regulation. As a result, a plethora of com-
putational methods have emerged, ranging from traditional machine learning approaches to
cutting-edge deep learning models. In this section, three state-of-the-art models will be ex-
amined and elucidated as to why they are particularly well-suited for addressing the TIS

prediction problem.

In recent literature focusing on TIS prediction, a prevailing approach is the utilization of
a combined architecture that incorporates both Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs). Models such as GCR-Net, NeuroTIS, DeepTIS, and
TITER have all embraced this approach, sharing a common framework aimed at enhancing

TIS prediction.

While these models exhibit subtle variations in their design details, they all share the cen-
tral idea of harnessing the capabilities of CNNs and RNNs to effectively capture patterns in
genomic sequences. These patterns are critical for accurately predicting translation initiation

sites.

One noteworthy distinction among these models is the sequence in which they employ
CNN and RNN layers. Some models, like GCR-Net and DeepTIS, initiate with CNN layers,
capturing spatial features before handing off the processed data to RNN layers for temporal
dependencies. In contrast, models such as NeuroTIS and TITER prioritize temporal depen-
dency modeling with RNN layers before incorporating spatial information using CNN layers.
These architectural nuances, though minor, contribute to their respective approaches. Addi-
tionally, while some models incorporate k-mer frequencies taken from the data as the only

feature, others rely solely on genomic sequence data.

Despite the presence of minor variations among these models, it’s notable that their col-
lective efforts essentially converge on a shared objective. While they may appear distinct
in certain design details, their overarching approach remains largely uniform. As such, it’s
important to acknowledge that these models, due to their substantial similarities, do not sub-
stantially expand the knowledge base in the field of TIS prediction. Instead, they reiterate
existing methodologies and insights. Consequently, their contribution to the scientific field’s
ongoing efforts in TIS prediction is relatively limited, as they primarily reinforce the already

established notion that a CNN-RNN hybrid architecture can be efficacious in addressing the
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unique challenges of predicting translation initiation sites in genomic sequences.
4.4 Discussion of Results
Model Loss Accuracy  Precision Recall
RNA Sequence 0.3862122 0.83333 0.846062  0.814942
Contrafold 0.536843 0.73103 0.68075 0.870114
Conservation 0.44620147 0.776436  0.904201 0.618390
Hexamer 0.3832695 0.83908 0917847 0.7448275
RNA Sequence + Contrafold 0.392805 0.837931 0.87215 0.791954
RNA Sequence + Conservation 0.4603286 0.7988505 0.823383  0.760919
Contrafold + Conservation 0.3953962 0.8195402 0.8475 0.77931
RNA + Contrafold + Conservation 0.2976811 0.882758 0.9012048 0.85977
Total 0.235511 0.905172  0.875399 0.9448275
Model TP FP TN FN
RNA Sequence 709 129 741 161
Contrafold 757 355 515 113
Conservation 538 57 813 332
Hexamer 648 58 812 222
RNA Sequence + Contrafold 689 101 769 181
RNA Sequence + Conservation 662 142 728 208
Contrafold + Conservation 678 122 748 192
RNA + Contrafold + Conservation 748 82 788 122
Total 822 117 753 48
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Figure 4.1: True Positives VS False Positives (for each Network)
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Figure 4.2: Precision VS Recall (for each Network)

Analysis of the confusion matrix reveals intriguing insights into the impact of various fea-
tures on model performance. Notably, the RNA sequence and hexamer features demonstrate
a capacity to yield the most favorable results individually. However, an intriguing observa-
tion emerges when combining the Contrafold and conservation features. The fusion of these
branches produces results that surpass individual contributions, indicating their ability to cap-
ture distinct patterns within the data, thereby enhancing the model’s predictive capabilities.
This observation underscores the complexity of TIS prediction, suggesting the existence of
nuanced intricacies yet to be fully understood.

Furthermore, our results demonstrate that the model is adept at learning diverse patterns
from distinct feature sets, including the RNA Sequence, the combined Contrafold and Con-
servation features, and the hexamer feature.

The true positives vs. false positives plot, where we manipulate the threshold for positive
predictions (setting it above 0.5), and the precision vs. recall plot both reaffirm the idea that
incorporating multiple features leads to improved model performance. Additionally, a note-

worthy trend emerges in the true positives vs. false positives plot: as models become more
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conservative, their performance metrics notably improve. This alignment between improved
metrics and a conservative approach is mirrored in the precision vs. sensitivity plot, reinforc-
ing the idea that leveraging multiple features enhances predictive accuracy and robustness.

It is worth noting that the proposed model demonstrates superior performance compared
to the baseline models, namely the SVM and the small dense MLP. This improved perfor-
mance can be attributed to several factors. Firstly, the proposed model benefits from a deeper
architecture, which allows it to capture more complex patterns in the data. Secondly, the use
of convolutional neural networks (CNNs) proves to be advantageous in this context, as they
excel in extracting features from sequential data, aligning well with the nature of the TIS
prediction problem. Lastly, our model leverages an extensive set of features derived from
the data, providing it with richer information for decision-making. Collectively, these advan-
tages contribute to the notable success of our proposed model in outperforming the baseline
models.

Finally, the evaluation of other existing models on our dataset or the application of our
model on datasets tailored for those methods was challenged by the absence of readily avail-
able models or final datasets for comparison. This limitation impeded the ability to conduct
a fair evaluation by implementing the proposed model with the prescribed architecture and

testing it against these methods.



Chapter 5

Conclusion and Future Work

5.1 Summary of Contributions

The contributions of this thesis can be divided into two, the dataset and the proposed

model.

5.1.1 Dataset

The dataset created for this research represents a fundamental cornerstone of this thesis’s
contributions. It encompasses a carefully curated collection of RNA sequences, meticulously
structured to facilitate the accurate prediction of Translation Initiation Start (TIS) positions.
The significance of a well-annotated dataset in genomics research cannot be overstated. It
underpins the reliability of any predictive model or analysis, as the quality of the data di-
rectly impacts the validity of the findings. In the context of predicting TIS positions, precise
annotations are paramount to accurately discerning the initiation sites in RNA sequences. A
well-annotated dataset ensures that the training and evaluation of machine learning models
are based on ground truth information, reducing the likelihood of spurious results and false
discoveries. Additionally, it facilitates the reproducibility of research efforts, enabling other
scientists to build upon the dataset and contribute to the advancement of knowledge in the
field. This dataset’s meticulous curation and annotation set a high standard for future research
in the domain of TIS prediction. Ensuring the accessibility of the dataset is a core tenet of this
research’s mission. By making the dataset available to the scientific community, it becomes
a valuable resource for researchers and data scientists working in genomics, bioinformatics,

and related fields.

67
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5.1.2 Proposed Model

The cornerstone of this thesis lies in the development of a robust and accurate deep
learning model for the prediction of Translation Initiation Start (TIS) positions in the human
genome. This model represents a significant contribution to the field of genomics and bioin-
formatics. Its high accuracy, averaging around 90% with a narrow margin of error, demon-
strates its practical viability and effectiveness. Furthermore, the proposed model is openly
available for download, providing researchers worldwide with easy access to its powerful
predictive capabilities. Finally, in summary, the proposed model not only represents a signif-
icant advancement in TIS prediction but also stands as a valuable resource that can catalyze
further discoveries in genomics. Its accessibility ensures that its potential benefits can be
realized by researchers worldwide, ultimately driving innovation and progress in the ever-

evolving landscape of genomic research.

5.2 Limitations of the Proposed Model

One notable limitation of the model is its increased RAM consumption due to the imple-
mentation of k-mers, which can make it resource-intensive for some computational setups.
Additionally, while the model exhibits commendable accuracy, it is important to acknowl-
edge that TIS prediction remains a challenging task, and despite its strong metrics, it has not
yet reached the coveted 95%+ accuracy threshold, leaving room for further refinement and

exploration of advanced techniques in the future.

5.3 Future Directions and Enhancements

Looking ahead, several promising avenues are seen for further enhancement of both the

model’s architecture and the dataset used in this research.

5.3.1 Model Enhancements

In terms of the model itself, one compelling direction to explore is the integration of atten-
tion mechanisms, like transformer layers. Attention mechanisms have demonstrated remark-

able potential in various natural language processing and sequence-related tasks. Integrating
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attention into the model’s architecture could provide it with the ability to focus on relevant
features within the genomic data, potentially improving its predictive power.

Another key area for improvement is the development of explainability tools for the
model. An interpretable model can help researchers understand how the features are being
used and leveraged by the model. This can be particularly valuable when attempting to gain
a deeper understanding of the intricate relationships between RNA secondary structure, evo-
lutionary conservation, and TIS prediction. Exploring explainable AI methods can provide a
clearer picture of which features are most influential in the decision-making process of the

model.

5.3.2 Future Directions

The application of the proposed model to the entire human genome represents a com-
pelling prospect for future research endeavors. Extending the model’s reach to the entirety of
the human genome offers the opportunity to not only verify and validate known Translation
Initiation Start (TIS) positions but also to uncover previously unexplored regions of interest.
This comprehensive exploration can serve a dual purpose: firstly, to confirm the accuracy
of the model’s predictions in known TIS sites, thereby bolstering its practical utility in the
identification of experimental proteins; and secondly, to identify potential novel TIS candi-
dates in hitherto uncharted genomic territories. These uncharted regions hold the potential
to unravel hidden aspects of gene expression regulation, presenting researchers with fresh
avenues for investigation and experimentation. By venturing beyond the confines of known
TIS sites, this expansion of scope offers a rich opportunity to advance our understanding of
translation initiation and its intricate role in shaping the proteome.

In closing, the journey of refining the model and exploring the uncharted territories of
the human genome holds great promise for the field of genomics. These future directions
represent a pivotal step forward in our quest to decipher the complex mechanisms governing

translation initiation and its impact on the proteome.
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