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Abstract

Computer science is a scientific branch that studies computers and
computing, including their theoretical and algorithmic frameworks, hardware
and software, and their roles in information processing. Computer science
emerged as a distinct discipline in the early 1960s, despite the fact that the
electronic digital computer that it studies was invented nearly two decades
earlier. Computer science is used to solve many problems in various fields,
including industry, medicine, and biology. One of the most significant
biological problems is finding a so-called consensus motif inside a DNA
molecule. Motif discovery has long been a challenge for biologists because it
indicates transcription factor binding sites (TFBS) on DNA sequences.
Unfortunately, biological studies have only found some of these sites. In order
to do this, a prediction model that accurately predicts binding relationships
between transcription factors (TFs) and DNA sequences must be created based
on deep learning (DL) algorithms. Deep learning methods have recently been
suggested, and competitive results for a transcription factor binding site
forecasting task have been shown. Within deep learning, a convolutional neural
network (CNN) is a kind of artificial neural network that is widely utilized in
DNA’s binding site finding.

The proposed system initializes with a data preprocessing stage.
After that, the results of this phase will proceed along two paths, with each path
consisting of three steps and involving methods like k-mer embedding, one hot
encoding, the z-score motif method, and others. Then, the output from these
paths will be input into the encoding phase. Following that, the encoded features
are entered into CNN for DNA's binding site classification. Finally, the
evaluation step has been performed depending on different measures. The
results show that the performance of the proposed system is effective. The
model achieved a prediction accuracy of 99.26%, a loss ratio of between 5 and
9%, precision, recall, and an F1-score of 100%. In addition, the AUPRC has

achieved a ratio of 100%.
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Chapter One General Introduction

1.1. Introduction

The deoxyribonucleic acid (DNA) molecule is made up of two
polynucleotide chains which roll whole to construct a dual helix that
contains genetic instructions for all known species to create, operate,
grow, and reproduce [1]. There are small pieces of DNA that are
selectively attached by one or more proteins (such as TFs) with different
activities, called TFBS binding sites [2]. Bioinformatic approaches have
been developed for TFBS prediction. Bioinformatics is an
interdisciplinary sector that creates methods and software for biological
data knowledge, particularly in huge and complex data sets. In general,
the aim of bioinformatics is to organize data in a way that allows
researchers to access existing information and to submit new entries as
they are produced [3]. Bioinformatics utilizes a broad range of
computational tools, including sequence and structural alignment,
database design and data mining, macromolecular geometry, phylogenetic
tree construction, protein structure and task prediction, and gene

discovery [4].

Deep learning has been widely implemented and has achieved
better performance than traditional statistical and machine learning
approaches for many bioinformatic problems. Deep learning structures
like deep neural networks, convolutional neural networks, and recurrent
neural networks are demonstrated to produce state-of-the-art outcomes on
a wide range of tasks in domains like computer vision, natural language
processing, audio extraction, and bioinformatics. Deep learning is a
relatively new methodology that operates in a hybrid multiple-layer
conceptual mode by converting data to a much higher-level abstraction
space where the prediction model will be built. This new approach has

provided much more appealing solutions for merging heterogeneous data
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and is capable of learning complex patterns from multiple simple inputs.
One typical deep learning approach is known as the convolutional neural
network (CNN). The benefit of CNN is that it does not isolate feature
extraction and model learning into two separate phases. In the current
work, a model based on CNN structure has been proposed for discovering

DNA TF-binding motifs [5].

1.2. Related Works

In 2015, Jian Zhou and Olga G. Troyanskaya presented the
DeepSEA model. The goal of this model was to predict non-coding TF-
binding sites in a DNA sequence. This study relied on data from the
Encyclopedia of DNA Elements (ENCODE), which included 690 TF
binding profile information for 160 unique TFs, 125 DHS features, and
104 histone-mark features. DNase I-hypersensitive sites (DHSs) and
histone marks are estimated to have more complicated strategies
involving numerous chromatin proteins. Thus, accurate sequence-based
prediction of chromatin features needs a robust model capable of
modeling such complex dependencies. DeepSEA model depends on deep
learning algorithms and specifically on deep convolutional networks. A
deep convolutional network is a class of multilayer neural network. The
model is arranged in a deep neural network-like manner, with a layer-by-
layer system that executes a series of functional changes. The DeepSEA
model obtained an accuracy of 81.58%, a precision of 94.81%, and a

sensitivity of 64.66% [6].

In 2016, Zeng et al. presented the Zeng model. They created a
methodical investigation into CNN structures for DNA binding
prediction. For the dataset, the scientists utilized 690 TF ChIP-seq studies
from Encyclopedia of DNA Elements (ENCODE). The researchers were

able to explore the best performing schemes via modifying CNN size,
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depth, and other styles. They also discovered that incorporating
convolutional filters into a network benefits motif-based activity. They
demonstrated the advantages of CNNs in teaching higher sequence
characteristics like additional motifs and localized sequence context via
trying to compare network operation on a variety of modelling activities
that range in complexity. The Zeng method obtained an accuracy of

81.69%, a precision of 83.69%, and a sensitivity of 76.20% [7].

In 2016, Zhou et al. designed the PDNAsite model. In that
design, two protein datasets were utilized to test the efficiency of
PDNAsite. PDNA-62 was created using the data structure of 62 protein-
DNA, whereas PDNA-224 was created using the data of 224 protein-
DNA. A protein-DNA binding site is referred to as a PDNAsite.
PDNAsite is a valuable method for finding DNA-binding sites. The
PDNAsite approach is divided into three phases: feature detection, LSA
operation, and ensemble learning. Feature detection utilizes the sequence
and sliding windows to recover seven kinds of characteristics from the
sequential and structural contexts, respectively. Then, to decrease
duplication and lower dimensionality, LSA was practiced to the sub-
feature region occupied by PSSM features. Ensemble learning combines

numerous SVM base classifiers for prediction. PDNAsite’s efficiency has

an AUC of 0.928 on average [8].

In 2016, May D. Wang and Hamid Reza presented the
DeeperBind technique. The algorithm was trained using data from PBM
experiments obtained from the UniProbe database. In addition, a long
short-term recurrent convolutional network was applied to predict protein
binding specificities with regard to DNA probes, with the goal of adding
a positional dimension to the core design by including recurrence into its

model. The goal of this effort was to use CNN as a visual feature collector.
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It is hoped that combining CNN and LSTM can improve the prediction of
protein-DNA binding specificities. DeeperBind’s performance has an

AUC of 0.86 on average [9].

In 2018, Zhang et al. developed the DeepBind model. This
model is based on the collection of 214 available ChIP-seq datasets.
DeepBind is the first approach that uses deep CNN to solve the problem
of motif extraction, with the goal of identifying TF binding preferences to
DNA sequences. DeepBind used one-hot encoding to convert DNA
sequences to one-hot arrays, which were later used to learn these vectors
and repeatedly upgrade the coefficients of kernel arrays (PWMs). This

method’s performance relies on an AUC of 0.85 on average [10].

In 2018, Shen et al. proposed a model, named KEGRU. They
utilized 125 TF binding sites in ChlP-seq testings to evaluate the
performance. In their model, they utilized a bidirectional gated recurrent
unit neural network and a k-mer embedding method to discover DNA
binding sites. To overcome the dimensional curse induced by one-hot
encoding, word embedding was used in the system and implemented in k-
mer sequence depiction with the use of the unsupervised learning
technique word2vec. The KEGRU network is not just used to improve the
suitability of wvariable-length sequences, but it also allows for the
extraction of complicated context from the k-mer sequence. This model

achieved an average AUC of 0.959 [11].

In 2019, DeepRam was presented by Chaabane et al. A system
based on data from ChIP-seq and CLIP-seq investigations. DeepRam
provided a full examination of various deep learning frameworks for
predicting DNA and RNA protein binding locations. DeepRam is a deep
learning toolset for guessing protein binding sites and motifs from start to

finish. It enables users to execute experiments using a variety of cutting-
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edge methodologies and handles the difficulty of selecting model
parameters in deep learning models with a completely automated model
selection strategy. Customers can adjust a deep learning model by
modifying its various pieces, such as the input sequence description (one-
hot or k-mer embedding), if either to utilize a CNN and the number of
layers, or to utilize a recurrent neural network (RNN) and the type and

quantity of layers. This approach had an AUC of 0.864 on average [12].

In 2020, Jeon et al. proposed the TbiNet model. The method
was based on TF-DNA binding data gained via the ChIP-seq
methodology. In TbiNet, a deep neural network founded on attention,
predicts transcription factor binding sites in a DNA sequence. The
attention mechanism may assign different weight grades to every segment
of an input sequence when generating outputs in order to concentrate on
significant parts. The CNN layer kernels act like motif scanners, that
capturing data from TF-binding motifs in input sequences. The Bi-LSTM
layer of TbiNet enables it to understand the regulating grammars of the
TF binding motifs acquired by CNN. This approach had an AUC of 0.946

on average [13].

In 2021, Maiada et al. proposed the KNN model. The TFBS
dataset utilized in this research was acquired from Kaggle.com. It
comprises 2400 TF binding and non-binding site records. Transcription
factor binding sites are not yet completely discovered, and this is deemed
as a dilemma that could be addressed computationally. This model
predicts the transcription factor binding sites of SP1 on the human
chromosome utilizing the classification method K-Nearest Neighbors
(KNN). This study demonstrates the use of the voting procedure for
predicting binding sites, as well as the outperformance of KNN on this

kind of data. This technique achieved an average AUC of 0.97 [14].
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In 2022, Yuan et al. presented the IBPred model. The original
data were split into 187 IBPs and 299 non-IBPs as per ion-binding
proteins in phage viruses. IBPs can associate with ions in a non-covalent
manner and are significant in biological processes. Because molecular
biology experimental approaches for discovering IBPs are still labor-
intensive and expensive, it is beneficial to develop computational methods
for identifying IBPs rapidly and efficiently. A random forest (RF)-based
approach was built to quickly identify IBPs. Depending on the protein
sequence information and residues’ physicochemical properties, the
dipeptide composition combined with the physicochemical correlation
among two residues was suggested for obtaining the features. This model
achieved an average AUC of 0.865 [15]. The outline of the related works
is provided in Table (1.1).
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TABLE 1.1: SUMMARY OF THE RELATED WORKS

Evaluati
Paper | Year Dataset Preprocessing | Classification \;leljacl)on
data deep
[6] 2015 ENCODE . convolutional 0.958
preprocessing
network
690 ChIP- -hot
[71 | 2016 Lo one-1o CNN 0.886
experiments encoding
t tei traini d
8] | 2016 Wo protetn ramime and |- g\ classifier 0.928
sequences testing phase
Protein Binding
Mi dat
O] | 2016 ieroatrays o CNN + LSTM 0.86
(PBM) preprocessing
experiments
-hot
[10] | 2018 | ChlP-seqdatasets | - .= Deep CNN 0.85
encoding
TF-bindi it
[11] | 2018 bindingssites |\ i3vec | CNN + BiGRU 0.959
ChIP-seq
ChIP-seq and
12 201 -h R 864
[12] 019 CLIP-seq one-hot vector | CNN or RNN 0.86
one-hot
TF-DNA binding Attention-based
1 202 94
[13] 020 data encod.ed CNN 0.946
matrix
2400 TF binding data
[14] 2021 and non-binding . KNN 0.97
preprocessing
data
187 IBPs and 299 o
[15] 2022 non-IBPs Data splitting RF 0.865
1.3. Problem Statement

Transcription factors (TFs) control gene expression by

connecting with certain DNA sequence locations known as TFBS. An

earlier study found that TFs are considerably preserved in long-time

growth and have a direction for binding to specific DNA sequences known

as motifs. The discovery of such motifs can aid not in just understanding

gene expression, but also in identifying the underlying disease variations

and designing treatment drugs.
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1.4. Aim of Thesis

The finding of DNA motifs is a critical step in several systems
for researching gene activity. The identifying of motifs is critical for
locating transcription factor binding sites (TFBSs), which facilitates
understanding the principles governing gene expression control. As a
consequence, the focus will be on designing a more efficient and accurate

method for mining forms.

1.5. Thesis Objectives

e Developing a method for mining motifs where it is more efficient and
accurate than previous models.

e Improving the accuracy of classification by using machine learning
methods.

e Provide a comprehensive examination for CNN schemes in order to
predict DNA binding sites utilizing a huge number of transcription

factors.

1.6. Research Contributions
e The 2D CNN system is designed to classify DNA sequences, whether

they have a binding region or not.

e The model's performance is improved with padding, which increases

the accuracy rate and reduces the loss value.

e Merging the z-score motif finding method with CNN in order to
predict TFs that are found in each binding site.

1.7. Research Challenges

This research has various challenges, including:

Assign k length in the k-mer embedding function.
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e The spatial and huge data need to be minimized in size and reduced in
dimensionality to avoid overfitting.

e The location of the consensus motif in each sequence is unrelated to
the other ones.

1.8. Thesis Organization

The thesis is partitioned into five chapters. Each chapter begins
with a short background that underlines the key contributions and offers
an impression of the chapter. The summaries of the chapters are as
follows:

e Chapter Two gives a historical review of (TFBS) previous methods
and explains critical aspects such as DNA sequence transcription and
gene expression, k-mer embedding, one-hot encoding, PWM
matrices, and the z-score consensus motif method. Finally, the
classification technique and performance measures are explained.

e Chapter Three explains the proposed model for transcription factor
binding sites prediction depending on Deep Learning and
Convolutional Neural Networks (CNN) and illustrates full details of
each step, beginning with the initial step that deals with dataset
operations and concluding with the final step dedicated to describe the
neural network that is utilized for motif classification.

e Chapter Four reveals the experimental results and discussion of the
suggested model. In this section, a variety of actual dataset samples
will be utilized to test the proposed technique, and the results will be
analyzed, evaluated, and argued over.

e Chapter Five contains conclusions and suggestions for future studies
on this topic, as well as other recommendations for further studies on

the proposed approach.

10
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2.1. Introduction

This chapter describes DNA’s operations such as DNA
transcription and translation, as well as RNA splicing and protein
structure. It also demonstrates the used dataset. Moreover, the
concentration will be placed on significant methods that the thesis hugely
depends on, like k-mer embedding, one-hot encoding, and probabilistic
and enumeration motif mining methods. Furthermore, it outlines the
conceptual foundations of deep learning and artificial neural networks and

how to use neural networks to predict DNA’s binding sites.

2.2. Biological Concepts

2.2.1. Deoxyribonucleic Acid (DNA)

Deoxyribonucleic acid (DNA) is a type of nucleic acid such as
RNA and proteins. Within biological cells, DNA is contained within large
schemes called chromosomes. They are made up of basic polymeric
groups called nucleotides [1]. Nucleotides join together to form larger
structures known as polynucleotides. The two polynucleotides are known
as DNA strands. Every nucleotide involves a single of four nucleobases
(adenine [A], cytosine [C], guanine [G], or thymine [T]), a sugar known
as deoxyribose, and a set of phosphates (see Figure 2.1) [16]. A gene is a
small piece of DNA that takes into consideration the inheritance
functional unit, which contains proteins that control the transcription rate
of genetic data called TFs. One of the significant factors in the gene
expression process includes transcription factors. It can regulate the
transmission of genetic information between DNA and messenger RNA
through binding a DNA sequence to a region known as Transcription
Factor Binding Sites (TFBS). A TATA box is a form of promoter
sequence that guides other molecules where to start transcription process

(see Figure 2.2). The regulatory areas (known as promoters) that have a

12
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transcription factor binding site and a TATA box are located directly
above transcription start sites, which are where transcription factors and
RNA polymerase II (Pol II) are assembled to start transcription [17].
Introns are non-coding DNA regions that are deleted via RNA splicing
during RNA product generation. Exons are DNA sequences that contain
protein-coding information and need the required codons or information

for protein production.

Sugar-phosphate ————t——7p——"3

backbone

Phosphorus
Carbon in

sugar-phosyphate
“backbone”

34 nm

Hydrogen
Oxygen

Bases

2 nm

Figure 2.1: Structure of DNA sequence [16]

Transcription Transcription
start site termination site
Transcription ! =, Lati = lati :
factor binding site | ‘l TAnIaton [”"f' pron. |
: initiation site termination site :
) ] ] ] ]
] 1 ] (] 1
] 1 ] ] ]
] ] ] ] ]
I ]
TATA
L. A J \ A A J \ J
s'UTR Intron 1  Exon 2 Intron 2 3'UTR
Promotor \ J
Exon 1 Exon 3

Figure 2.2: TF Binding sites in DNA sequence [17]

2.2.2. Ribonucleic Acid (RNA)

Ribonucleic acid (RNA) is a polymeric element involved in
gene coding, decoding, regulation, and production. The core of RNA is
made of a bit more distinct sugar than DNA, ribose rather than

deoxyribose, and one of the bases is somewhat dissimilar, Uracil (U)

13
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rather than thymine (T) [1]. The other bases, however, are the same: A, C,
and G (see Figure 2.3) [18]. RNA and DNA are both nucleic acids and are
essential elements of an organism, as are proteins and carbohydrates.
Cellular organisms utilize mRNA to transfer genetic information
(represented by the nitrogenous bases G, U, A, and C) that controls the
creation of some proteins. mRNA 1s generated during the transcription
operation, when an enzyme (RNA polymerase) changes the gene into

main transcript mRNA (also known as pre-mRNA).

-
& [
b N
1 o Uracil
Mucteobases °
-,
Cytosine
¢ -
Y ~ "o
—
%
- L1
b N Adenine
h { I
A _J
- W
-]
= i-J
Nucelobases Nucelobases
of DNA DNA RNA of RNA
Deoxyribonucleic Acd Ribonucleic Acid

FIGURE 2.3: DIFFERENCES BETWEEN DNA AND RNA MOLECULES [18]

2.2.3. Transcription Factors (TFs)

Proteins are huge macromolecules that are made up of one or
more lengthy chains of amino acid residues [ 1]. Proteins play a wide range
of roles within organisms, including DNA replication, transcription, and
catalyzing metabolic activities. As shown in Figure 2.4, a polypeptide is
a linear chain of amino acid residues that has fewer than 20-30 residues
[19]. Proteins differ significantly from one another in their sequence of
amino acids. There are 20 amino acids in the string of letters that
constitute the protein sequence. These are from A-Z except for these

letters (BOX, JUZ).
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Examples of proteins are DNA-binding proteins such as TFs
and NAC-domain proteins that are responsible for transcriptional
regulation in specific plants. Transcription factors are proteins that
identify and bind to certain chromosomal DNA sequences and guide their
transcription [20]. So, they are responsible for the regulation of gene
expression. They are created at various periods and locations throughout

an organism’s life.

FIGURE 2.4: PROTEIN SHAPE [19]

2.2.4. Motif and its types

Sequence motifs (or consensus motifs) are small, repetitive
DNA patterns that are thought to serve a biological purpose. They
frequently denote sequence binding sites for proteins such as transcription
factors (TFs) and other molecules (as shown in Figure 2.5) [21]. Other
than the sequence motif, there are other types of motifs, such as shape
motif and network motif. The shape motif represents the value of a feature

that is within the estimated range at each location [22].
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a HEM13 CCCATTGTTCTC
HEM13 TTTCTGGTTCTC
HEM13 TCAATTGTTTA
ANB1 CTCATTGTTGTC
ANBl1 TCCATTGTTCTC
ANB1 CCTATTGTTCTC
ANBl TCCATTGTTCGT
ROX1 CCAATTGTTTT

b YCHATTGTTCTC

FIGURE 2.5: CONSENSUS MOTIF (A) THREE S. CEREVISIAE GENES CONTAIN EIGHT GENETIC BINDING

SITES. (B) NEW CONSENSUS SEQUENCE [21]

Shape motif detection includes comparing shape-feature
profiles from DBP-bound areas (positives) with non-bound areas
(negatives). The third and significant type is network motifs (NMs), which
are transcription regulation networks (TRN) of studied organisms that
seem to be composed of a small number of repeating regulatory patterns

[23]. NMs are classified into four types, as shown in Figure 2.6:

a) Auto regulation: If transcription factor Y regulates gene X without
any other interactions, this is referred to as “auto regulation”. Auto
regulation can be used as a starting point for interpreting the
functions of network motifs.

b) Feed-forward loop: The second type of network motif is the feed-
forward loop (FFL). This network is made up of a regulator X,
which regulates Y, and a gene Z, which is controlled by both X and
Y.

c¢) Single-input module (SIM): The SIM is the NM family’s third
form. A single input module has a straightforward pattern in which

a regulator X regulates a collection of gene products.
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d) Multi-input module (MIM): The last and fourth type is MIM. A
multi-input module is a transcription network that is made up of a
group of regulators that work together to regulate a group of output

genes.

FIGURE 2.6: THE FOUR TYPES OF NETWORK MOTIFS (NMs) [23]

2.2.5. DNA Transcription and Gene Expression

DNA transcription is the first step of the gene expression
synthesis process. The process through which the commands in DNA are
transformed into a functioning output, like a protein, is known as gene
expression. Figure (2.7) illustrates the steps of gene expression production
[24]. DNA transcription is the process of transcribing the genetic code in
DNA to produce mRNA, or messenger RNA. This is performed via an
enzyme named RNA polymerase that transforms existing nucleotides
from the cell's nucleus into mRNA. Translation happens after messenger
RNA (mRNA) transports the copied "message" from DNA to the cell's
protein-creating components known as ribosomes. The message conveyed
via mRNA is read by transfer RNA, a carrying molecule (tRNA). Three
characters (a codon) are scanned at a moment’s notice from the mRNA.
Every codon indicates a different amino acid. For instance, the three bases
“GGU” represent the amino acid glycine. Every amino acid is then

bounded to its tRNA molecule. When this mRNA sequence is examined,
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every tRNA molecule offers an amino acid to a ribosome and immediately
connects to the relevant codon on the mRNA molecule. Once the tRNA is
linked, its amino acid is released, and the adjacent amino acids join
together to create a polypeptide, which is a long string of amino acids.

This step is repeated until a protein is formed [25].

°.¢
@
Transcription Translation .@ @. Folding
> o. 2 —_—

®e

®

@

Amino acid

chain Protein

DNA mRNA

FIGURE 2.7: THE STEPS OF GENE EXPRESSION SYNTHESIS [24]

2.3. Dataset

There are many biological datasets. The database used for this
thesis is obtained from a publicly available data resource, namely the
Arabidopsis Gene Regulatory Information Server (AGRIS), which gives
a complete reference for gene creation investigations in the plant
Arabidopsis thaliana (see Figure 2.8) [26]. Since it is a helpful model for
understanding cellular and molecular biology, Arabidopsis thaliana is
already usually employed in plant studies, including genetics and
evolution. Inside the AGRIS server, there are three data sources, which
are AtTFDB, AtcisDB, and AtRegNet. In addition, this dataset makes
major contributions to the detection of the whole collection of TF-DNA

interactions [27].
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Inflorescence with caudal leaves and
flowers
1

|_ Rosette
| leaves

FIGURE 2.8: ARABIDOPSIS THALIANA PLANT [26]

2.3.1. AtTFDB Database

Since the last major release, the Arabidopsis Transcription
Factor Database (AtTFDB) has included 83 TFs, which were found by
using the same criteria as previously mentioned. Single TF information
can be retrieved by browsing or searching with particular gene locus
identifiers (AGI ID, Atxgxxxxx) or equivalent genetic designations. The
output table includes the AGI ID, gene variants, and connects to MIPS
(http://mips.helmholtz-muenchen.de/plant/athal/), SALK
(http://signal.Salk.edu/cgi-bin/tdnaexpress/), and TAIR
(http://Arabidopsis.Org/), nucleotide and protein sequences, and

information on the TF's activity in a regulation [27].

2.3.2. AtcisDB Database

The Arabidopsis cis-regulatory element Database (AtcisDB) is
a navigable related database that contains a variety of data kinds, such as
TF-binding sites and entire promoter sequence information. To improve
flexibility and expansion, the Genome Data Visualization Toolkit
(GDVTK) is utilized to show gene regulatory data on locations of the
genome in prior AGRIS releases which are substituted by the Genome
Browser (http://gmod.Org/wiki/GBrowse). This browser facilitates the

combination of AtcisDB with the display and merging of every genomic
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data type, such as word counts and CREs (cis-regulatory elements)
position information. The most recent AGRIS version incorporates

genome-wide word counting into AtcisDB [27].

2.3.3. AtRegNet Database

In the Arabidopsis thaliana regulatory network dataset
(AtRegNet), only TFs and their direct target genes are recorded and
shown. At the moment, AtRegNet contains information on 8070 target
genes, 64 transcription factors, and three transcription factor groups that
have physical direct regulatory links. In AtRegNet, complexity is
described when more than one transcription factor is attracted to DNA at
the same time, generally in a synergistic form. The data comprises high-
throughput in vivo DNA-binding approaches like ChIP—Chip and ChIP-
Seq [27].

2.4. Data Preprocessing
Data preprocessing is a data mining approach that includes
converting raw data into a useful form. Data preprocessing is used for

representing complicated schemes with attributes.

2.4.1. Data Cleaning

Data cleaning is the act of detecting and correcting errors and
conflicts in data so as to ensure data quality. Also, missing values should
be resolved because many systems do not accept them [28]. Handling
missing values is done by removing missing and unrelated values to

produce sequences that only comprise letters (AGCT) via:

1. Remove sequences that match the first value within that is not one
of the four characters (A, G, C, T), regardless of whether the value

1s missing (gap) or irrelevant.
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2. Receiving sequences that included only letters (AGCT)
The steps for handling missing values are depicted in Algorithm (2.1)
[29].

ALGORITHM 2.1: THE STEPS OF HANDLING MISSING VALUES

Input: two dimensional array of nucleotides(AGC7), a(iy), Where 7 isindex
for sequences and j is index for nucleotides (AGC7) DNAiis an array of Dataset
(AGCT)for one dimensional

Output: two dimensional Bthe new dataset only has [A, G, C, T]
Begin
Step 1 foriin N, where N is no. of sequences

Step 2 flag =true

Step 3 for j in seqi from DNAi
Step 4 if ajj not in [A,G,C,T]
Step 5 flag =false

Step 6 end if

Step 7 end j

Step 8 if flag = true

Step 9 B.append = seqi
Step 10 end if

Step 11 endi

End

2.4.2. Data Integration

Data integration is the task of merging data from several places
and giving the user a uniform representation of this data. The subject of
creating data integration systems is essential in recent real-world
applications and is characterized by a variety of theoretically fascinating
issues. The definition of the correlation between the data at the resources
and those in the global template is one of the most significant components
of the design of a data integration framework. In principle, numerous
global databases are authorized for such a data integration system in

relation to a particular source database [30].

2.4.3. Data Reduction
The transition of numeric or alphabetic digital information
obtained empirically or experimentally into a rectified, organized, and

simpler form is known as data reduction. The primary idea is to reduce
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the large volumes of data in the used database to the important sections
through dimensionality reduction, in which the data properties or
dimensions are decreased. Data reduction has been frequently utilized in
data mining to facilitate analysis. Widely used techniques include
principal component analysis (PCA) and factor analysis (FA) are used

[31].

2.5. Alignment-free Methods

Alignment-free sequence analysis techniques on molecular
sequence and structure data give alternatives to alignment-based
techniques in bioinformatics. Alignment-free methods are divided into
five types: a) k-mer/word frequency methods, b) common substring length
methods, ¢) number of (spaced) word matches methods, d) micro-

alignment methods, and e) information theory methods [32].

2.5.1. K-mer Embedding

Recent studies have focused on k-mer embeddings, or genuine
depictions of words or k-mers generated via distributional semantic
models [33]. In this phase, the DNA sequence is split into overlapped k-
mers of a certain length and stride window. All subsequences having a .-
length and stride s have recovered, obtaining a k-mer sequence of length
L =[(Ly—k)/s] + 1 (L: number of k-mers, L,: DNA sequence length :
k-mer length, s: stride window), where each k-mer is archived by a
positive number in set C = [1, 2, ....,4k]. A study will be carried out to
determine how to extract feature for these kinds of sequence data belong
to CL with variable length L and how to build a feature map. The
embedding phase calculates k-mer co-occurrence statistics and acquires
how to map them onto a D-dimensional domain RP [34]. Additionally, the
distributed depiction of k-mers might be effective for predicting DNA

methylation and histone occupancy [33].
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2.6. State encoding
State encoding generates a distinct template of ones and zeros
for every state of a finite-state machine (FSM). Speed, area, or both have

traditionally been utilized as design criteria for FSM synthesis [35].

2.6.1. One-hot Encoding

One-hot encoding is a type of state encoding. It is the typical
technique for turning DNA sequences into vectors. As a result, the DNA
sequence will be vectorized into a binary matrix. As illustrated in Figure
2.9 (A), every location might be depicted via a four-state vector with bases
of 4, C, G, and T. In this case, a DNA sequence termed S = (s4, S5, .- S;,
...., Sp) with n nucleotides and a sequence motif size of m, the binary
matrix S for DNA sequence is expressed as a 4 X n-dimensional column

vector, as shown in the equation below.

S. — {1 lf Si—m+1 = jth base ln {A) C! G)T}
b 0 otherwise

(2.1)

where i is the nucleotide index and j are the column number according to

A C G ,and T.

k-mer encoding is frequently used to describe DNA sequences.
In DNA sequences, the k-mer is frequently non-random and follows
specific patterns. The k-mer is a sequence substring made up of &
nucleotides. k-mer frequency data is commonly used in k-mer coding. All
potential motifs of length & are represented in the subsequence space. Each
conceivable theme is created by continually assigning k& elements from the
letters 4, C, G, and T [36]. Assuming & is 3, each k-mer subset is mapped
to high-dimensional array, as seen in Figure 2.9 (B). As a result, the size

of the subsequence space is 4*.
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FIGURE 2.9: ONE HOT ENCODING METHOD [36]

2.7. Consensus Motif Finding

The discovery of DNA motifs is a crucial stage in several
frameworks that explore gene performance. Motif searching is critical for
discovering transcription factor binding sites (TFBSs), which assists in

understanding the techniques governing gene creation control [37].

2.7.1. Probabilistic-based Motifs Finding Method

A probabilistic technique creates a probabilistic model known
as Position Weight Matrices (PWMs), which is a matrix that provides the
frequency at which each nucleotide is located at the sites of the TFBS to
identify motifs from non-motifs, hence the need for fewer search terms
[37]. PWMs can be built in a variety of ways. The following are the most
commonly used approaches, which are comparable to the one proposed

by Staden. A base frequency table is constructed by counting how many
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times each base occurs at each location in a group of aligned TFBS (see
Figure 2.10). The base frequency table comprises four rows (one per letter
of the alphabet: 4, C, G, and T), and the number of columns is similar to
the motif length [38]. Though convenient, the PWM has considerable
drawback because this method assumes the independence of places within
the binding motif. Non-independence of nucleotide distributions in
multiple places could possibly mean non-additivity of the binding energy
[39].

RECEETT

= gk ACAGGAT
ACCGGTT

TGAT

w|o|o|o
-4 Q0P

FIGURE 2.10: A DESCRIPTION OF PWIMS OPERATION

2.7.2. Enumeration-based Motifs Finding Method

The enumeration method seeks consensus sequences; motifs are
predicted depending on word enumeration and word matches. The word
enumeration technique algorithms comprehensively scan the entire search
space to discover which ones emerge with potential modifications and so
commonly find the global optimum. But this also implies that they are
exponential-time algorithms that take a lot of time to detect longer motif
lengths and are ineffective when dealing with thousands of sequences.
There are several types of enumerative approaches, such as simple word

enumeration, clustering-based method, tree-based method, etc. Within the

25



Chapter Two Theoretical Background

simple word enumeration category, there are two types of algorithms,
which are z-score and DREME [37].

In the biological fields, z-scores are commonly employed to
measure the importance of pairwise similarities between DNA, RNA, or
protein sequences. A high z-score indicates an alignment that is less likely
to happen by coincidence. This form of alignment is more likely to be
biologically significant. Z-score calculates the distance (in standard
deviations) between the specified alignment and the mean value of the
other alignments that can be acquired by a permutation of each sequence.
Those scores are frequently used to assign a level of importance based on
values taken from a standardized statistical distribution. Additionally,
higher z-scores indicate a lower likelithood of seeing a value equal to or
greater than such values (and thus of greater statistical significance) [40].

The z-score equation is as follows [41]:

obs(m)- E(m)
o(m)

Z(m) = (2.2)

Where obs(m) denotes the actual number of occurrences of the motif m,
E(m) denotes the expected value of obtaining a specific nucleotide motif
across n equal-length sequences, and a(m) is the standard deviation that

measures the distance between the given alignment.

2.8. Deep Learning

Deep Learning (DL) (sometimes called Deep Structured
Learning, or Deep Machine Learning) is the science of artificial neural
networks and related machine learning techniques with multiple hidden
layers. For feature obtaining and transformation, it employs a hierarchy of
several layers of nonlinear unit operations. Deep learning methods can be

supervised or unsupervised [5].
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2.8.1. Deep Learning Applications

There has been a massive development in system design and
intelligence after the launch of the earlier models for deep learning. Deep
learning applications nowadays are diverse but limited. Deep learning can
now provide us with better cars, possibly even self-driving cars, better
medical image analysis, personalized medical care, sufficient language
translation, search recovery filtering, and a multitude of other applications
in energy, banking, industrial production, environmental protection, and

artistic production [42].

2.8.2. Deep Learning Models

Deep learning models are divided into two types: supervised
and unsupervised, each with their own network structure. Because of their
effectiveness in solving complex issues, the utilize of supervised and
unsupervised deep learning methods has expanded rapidly. Deep learning
1s becoming more accessible for a wide range of applications due to high-
performance computer capabilities, the availability of enormous volumes

of data (labelled and unlabeled), and state-of-the-art accessible tools [42].

2.8.2.1. Supervised Deep Learning

Supervised deep learning structures are trained using labelled
data. It trains the learning algorithm to generalize from training data and
to apply to previously unknown data. After the training phase is
completed, the model is tested on a portion of the testing set to predict the
output. CNNs are among the most widely utilized supervised deep
learning methods. Several CNN-based supervised deep learning structures
are AlexNet (5 convolution, 3 max-pooling, 3 fully connected layers, and
softmax classifier), LeNet-5 (3 convolution, 2 subsampling (pooling),

fully connected layers, and softmax classifier), VGGNet (13 convolution,
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5 max-pooling, 3 fully connected layers, and softmax -classifier),
GoogleNet (with specific architecture) and ResNet (with specific

architecture) and others [43].

2.8.2.2. Unsupervised Deep Learning

Unsupervised deep learning methods are essential since
unlabeled data is larger than labelled data and they are specifically
designed for applications that involve large amounts of unlabeled data.
Examples of unsupervised deep learning networks are Restricted
Boltzmann Machines (RBM), Deep Belief Networks (DBN), and
Generative Adversarial Networks (GANs) [43].

2.8.3. Convolutional Neural Network
Convolutional Neural Network, also named as ConvNet, is a

deep learning approach that uses to analyze visual imagery. CNN is
recommended because of its capacity to deal with sparse data and improve
classification efficiency [44]. Neurons in a typical neural network are
completely linked between layers. Hidden layers are those found among
the input and output layers. Every hidden layer is made up of multiple
neurons, each of which is completely attached to all of the nodes in the
previous layer. The fully connected neural network’s deep linked network
topology doesn't really adapt well to huge images. The most popular
solution for huge images is to utilize a convolutional neural network.
ConvNet is made up of a series of different sorts of layers that work
together to accomplish various tasks. The layers of a standard
convolutional neural network are as follows:

e Convolutional layer

e Activation function layer (ReLU)

e Pooling layer
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e Fully connected layer (Dense Layer)

e Dropout layer
These components are used to build the CNN scheme. Convolutional and
activation layers are typically mixed, succeeded via an optional pooling
layer. The network's final layer is a fully connected layer, and the output
of the final fully connected layer returns the input image's class results

[45].

2.8.3.1. Basic Components of CNN Architecture

One of the most significant features of CNN is prediction. In
public, the distinct CNN is composed of two main elements: the feature

extractor and the classifier, which are described as follows:

e Feature Extractor

Feature Extraction is the preliminary stage of CNN operations;
it extracts features and converts them into feature maps. CNN is composed
of numerous filters, each of which performs a unique function. As a result,
multiple feature maps are produced, each of which corresponds to a
different filter. The feature extraction process involves several phases so
as to gain the final low-dimensional feature vector, which is then fed into
a classifier. The feature extractor is made up of several layers (multiple
convolution layers with optional pooling layers). First, it runs through a
convolution layer to convolve the filter with the input, producing feature
maps that are subsequently reduced with a pooling layer. Afterwards, it
utilizes the previously generated feature maps as input feature maps and
repeats the process, going layer by layer to extract advanced features and
obtain smaller-sized feature maps. The final advanced feature, reduced
dimensions of feature maps, is then flattened to form a low-dimensional

feature vector to be input into the classifier [45].
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e C(lassifier

After extracting feature maps and reducing dimensions by
picking the best features among them, the low-dimensional feature vector
is fed into a classifier. The classifier provides the likelihood that the input
belongs to that class. To accomplish this, the classifier is made up of one

or more fully connected layers [45].

2.8.3.2. CNN Infrastructure

The input layer of a CNN model reflects the model’s entries (the
selected features). The input layer is a matrix of size (nxm), where n
denotes the number of samples and m denotes the number of features. The

whole CNN architecture is illustrated layer by layer as follows:
a) Convolution Layer

The convolution layer, which employs the convolution function
(represented by *) instead of general matrix multiplication, is the primary
element of a convolutional neural network. Its parameters are made up of
a collection of learnable filters called kernels. The basic goal of the
convolutional layer is to find characteristics that are common across the
dataset that are found in certain regions of the input image and convert
their presence to a feature map. A feature map is constructed for any filter
within the layer via iteratively running the filter over sub-sections of the
entire image, 1.e., by convolving the filter with the given image,
incorporating a bias element and then using an activation task [43]. The
input region where a filter is implemented is referred to as the local

receptive field (see Figure 2.11) [46].
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Input layer Convolutional layer

FIGURE 2.11: LOCAL RECEPTIVE FIELD ON INPUT LAYER [46]

The receptive field has the same dimensions as the filter. Figure
2.12 depicts how an S-shaped filter and input are convolved to produce
the feature map [47]. The result of the convolution is transformed into a
feature map by inserting a bias factor and implementing a nonlinear

function.
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FIGURE 2.12: THE CONVOLUTION OPERATION [47]

Weight sharing refers to the usage of similar filters or weights
for all receptive fields in a layer. Each convolutional layer's weights
represent the convolution filters, and each convolutional layer may have
several filters. Every filter has some feature, such as an edge or a corner,
and every filter is dragged over the width and height of the input
throughout the front pass, generating a feature map for this filter [43].
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A convolutional neural network structure contains multiple
hyper-parameters that are utilized to regulate the model’s activity. The
four most essential hyper-parameters in the ConvNet’s convolution layer

are listed below:

a) Filter size: filters could be any size larger than 2 X 2 but less than
the input volume. The size of a filter is unrelated to the volume of
the input.

b) Number of filters: every appropriate number of filters can be
employed with different sizes.

c) Stride: it is the number of pixels that must be shifted altogether to
generate the local receptive field of a filter. Moving across and
bottom a pixel value is referred to as a stride with one. Overlap will
occur if the stride is too short, and vice versa.

d) Padding: this hyper-parameter specifies the number of pixels that
will be used to pad the input data. There are two possible values:
“valid” or “same”. “Valid” means there is no padding, while

“same” creates padding with zeros [48].

The general convolution layer output involves a number of
feature maps, each of which has been convolved with a different kernel to
describe unique features. Let’s denote the input source data 7, the
convolution kernel or weight W, and the bias b. Then, suppose L XL k-
sized filters, W, are convolved with the input data to yield k& feature maps
termed, each with i and j indices. The following equation describes the

convolution operation mathematically:

i L-1 L-1
Ci; = Z Z Wik n * Liymjin + D" (2.3)
m=0 n=0

As a result, many feature maps are generated, as shown in Figure 2.13

[49]. The convolution process is illustrated in the algorithm (2.2) [50].
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FIGURE 2.13: THE CONVOLUTION LAYER PRODUCED M FEATURE MAPS [49]

ALGORITHM 2.2: THE CONVOLUTION OPERATION

Input: Two-dimensional array R [n * m] where n is the number of samples and m is the
number of features. // Output of Algorithm (3.4)

Output: Feature map of the dataset

Begin

step 1  for k from I to number of filters

step 2 initialize mask (W) randomly, initialize bias (b) equal to 1 // b is a constant
step 3 fori from I to row step 1

step 4 for j from I to column step 1

step 5 net =0

step 6 for m from i-d to i+d // rows and columns of kernel, d specify kernel size
step 7 for n from j-d to j+d // d=1 equal to L*L kernel (W) of size 2*2
step 8 net =net + [ I (m, n) * W (m, n) + b]

step 9 endn

step 10 end m

step 11 F(net) = Max (net, 0) // Relu activation function

step 12 Feature-map [i, j, k] = f(net) // k feature map resulted that equal to the

number of filters where each feature map corresponds a specific filter
step 13 end j

step 14 end i

step 15 endk

End

b) Activation Layer

There are numerous activation functions that are utilized with
neural networks, and several of the most widely employed activation

methods are Rectified Linear Unit (ReLU), softmax, and sigmoid. Every
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convolutional layer’s output is transmitted to an activation function layer
to convert the linear output into nonlinear. The activation layer is made
up of an activation mission that receives a feature map generated via the
convolutional layer and produces an activation map just like its output.
ReLU-used neural networks train much more quickly than sigmoid and
tanh activation functions. Setting the input threshold to zero yields the
ReLU activation. In other words, if the input is less than zero, the output
of a rectified linear unit is zero; otherwise, the output is the same as the
input [43]. The activation function of the ReLU is given by equation (2.4)
and is shown in Figure (2.14) [51].

ReLU(x) = max (0, x) (2.4)
f(x)

3 4

- -2 0 2 4 X

FIGURE 2.14: THE PLOT OF THE RELU ACTIVATION FUNCTION [51]

If the equation (2.3) is substituted, which is the linear output
result from the convolution layer, with the ReLU activation function

equation (2.4), the outcome is the following equation:

L-1 L-1
cly =max (0, ) Wik * lpmin + b5) (25
m=0 n=0

¢) Pooling Layer

ConvNets have an unnecessary pooling or down-sampling layer

after the convolution and activation layers to shrink the volume of the
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input and, hence, the set of variables in the network. A pooling layer
reduces the dimensionality of its input by minimizing the feature maps
created by the convolutional layer. There are just a few pooling strategies
available, with max-pooling being the most frequent. In the max-pooling
method, the pooling layer causes the input feature map to be divided into
non-overlapping chunks, and the highest value in each block is simply the

output. The max-pooling operation is presented in Figure 2.15 [52].

Single depth slice

X 1 112 | 4
max pool with 2x2 filters
516|718 and stride 2
3(2[1]o0 )
11234
y

FIGURE 2.15: MAX-POOLING PROCESS ON 4X4 INPUT SIZE [52]

The max pooling layer repeats the same process with each of
the previously obtained feature maps from the previous convolution layer.
The mathematical form of the max-pooling layer, P, on the previously

activated feature maps is described in equation (2.6).

ck. .. ck. ...
Pi’fj = max < k(Zl'ZJ) k(21+1'2]) ) (2.6)
C(Zi,2j+1) C(2i+1,2j+1)

The pooling layer process deletes less significant input while
retaining discovered features in a reduced depiction. The main principle
underlying the pooling process is that feature recognition is more essential
than feature position [43]. The pooling operation is depicted in the
algorithm (2.3) [50].
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ALGORITHM 2.3: THE POOLING OPERATION
Input: Feature map resulted from algorithm 3.5
Output: Down sampled feature map
Begin
Step 1 kI = 0//initial row index of the resulted down-sampled feature map
Step 2 forr from I to rows of the feature map step 2 // stride 1

Step 3 k2 = 0 // initial column index of the resulted down-sampled feature map
Step 4 for c from I to columns of the feature map step 2 // stride 1
Step 5 Max = feature-map (v, c)
Step 6 fori fromrtor+li
Step 7 forj from c to c+1
Step 8 if feature-map (i, j) > Max
Step 9 Max = feature-map (i, j)
Step 10 end if
end j
Step 11 end i
Step 12 Down-sampled-fm [kl, k2] = max // the resulted index within the

down sampled feature map achieved from the pooling operation
Step 13 k2=k2+1
Step 14 end c
Step 15 kl =kl +1
Step 16 endr
End

d) Fully Connected Layer

The network's last layer is a fully connected layer (FC), also
known as a dense layer. Every neuron in the previous layer is coupled to
each node in the following layer in a fully connected layer. The generated
feature map of the former layer should be flattened to become a feature
vector before being fully connected with the output layer, which consists
of neurons based on the number of classes specified by the SoftMax or
sigmoid activation tasks for multi and binary classification, in the last
CNN layer to classify the trained data. Figure (2.16) depicts the overall

relationship between final feature maps and a fully connected layer [43].
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Feature Maps FC

FIGURE 2.16: THE LINK THROUGH THE CONVOLUTION LAYER AND THE FULLY CONNECTED
LAYER [43]

Assume the previous layers produced a number of feature maps
sorted from 1 to R, where C are the feature maps created from the previous
layers, k of W are the weights that multiply with the formerly generated
feature maps C to classify objects. Equation (2.7) depicts the
mathematical process of fully connecting F, which connects each of the

previously generated feature maps with all of the output classes:

R
= Wi @2.7)
1=

The final fully connected layer's output is passed into a
classifier that produces class scores. In this research, a sigmoid classifier
will be implemented because it is appropriate mathematically for the
learning algorithm [43]. The sigmoid activation function, also termed the
logistic function, is a well-known activation job for binary classification
in neural networks. The input to the function is changed to a value from
0.0 to 1.0. Inputs that are considerably larger than 1.0 are changed to 1.0,
whereas values that are much less than 0.0 are converted to 0.0. The
application of the sigmoid activation to the previously fully connected

output is shown in the following equation:
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Sigmoid (F¥) = (2.8)

1 + e F¥

e) Dropout Layer

The training dataset is likely to be overfit when all of the
features are linked to the fully connected layer. When a model is trained,
it works so well on training data that it has a bad impact on the model's
function on new data. This is referred to as overfitting. To address
overfitting, the model can include a dropout layer in which some neurons
and their links are arbitrarily deleted from the network through training
[52]. The dropout operation described in Figure (2.17) and Figure (2.18)
depicts the overall architecture of CNN consecutively [53].

FIGURE 2.17: DROPOUT PROCESS [43]
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Input 4@Feature Feature  10@Feature Feature F F Output
maps maps maps maps

5

Convolution  Pooling Convolution Pooling || ed F A4
layer 1 layer 1 layer 2 layer 2 |}Fu11)' connection| “ Sailing
_____________________ R e B o o
Feature extraction Classification

FIGURE 2.18: TYPICAL CONVOLUTIONAL NEURAL NETWORK (CNN) STRUCTURE [53]
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2.9. Evaluation the Performance of the Prediction Model

More performance metrics have been utilized to measure the
capability of generalization for the trained model and its quality when
tested with unlabelled data so as to assess the execution of the prediction
model. There are numerous performance measures in the deep learning

domain, such as accuracy, loss, precision, and recall.

The most common measure in deep learning and data mining
for the evaluation process is the accuracy metric. The accuracy of a set of
data is the proportion of test set tuples successfully classified by the
classifier. It indicates how accurately the classifier identifies tuples of
different classes. The accuracy of a classifier or predictor is generally
measured using a confusion matrix. This matrix displays the number of
cases predicted either wrongly or correctly by a prediction model (as

Table 2.1) [54].

TABLE 2.1: TWO-DIMENSIONAL CONFUSION MATRIX

Predicted Class
Positive Negative
Actual Positive TP FN
Class | Negative FP N

1. True Positive (TP): The positive examples which are correctly
classified.

2. False Negative (FN): The positive examples which are wrongly
classified.

3. False Positive (FP): The negative examples which are wrongly
classified.

4. True Negative (TN): The negative examples which are correctly
classified.
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Performance metrics utilized in this study are discussed here:

Accuracy: is the number of right predictions divided by the entire
number of predictions. Accuracy can be computed based on the
equation below:

tp + tn
tp +tn + fp + fn

Accuracy = (2.9)
Precision: is the percentage of related instances in the collection of
received examples. The precision measurement is computed in

equation (2.10).

- tp
Precision = ————— (2.10)

tp + fp

Recall: also called sensitivity, it is the percentage of relevant
instances that were received. Equation (2.11) clarifies how to
compute the recall.

tp
Recall = ———— (2.11)

tp + fn

F1-score: integrates a classifier’s precision and recall into a single
measure by calculating their harmonic mean. Fl-score can be

calculated based on the equation below:

2 (precision X recall)
F1 —score = — (2.12)
precision + recall

AUPRC: the area under the precision-recall curve (AUPRC) is a
beneficial performance parameter for imbalanced data in a problem
where locating positive examples is important. AUPRC is

computed from the equation below:

AUPRC = Z(Rn - R,_ P, (2.13)
n
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e Loss: during the deep learning model’s training procedure, a loss
function is applied to compute the error (the space between the
prediction and the provided real class label). There are numerous
loss functions that can be utilized to measure the error of the final
prediction, depending on the model. The loss measure used here is
mean squared error (MSE). An MSE is a metric that calculates the
quantity of error in statistical models. The mathematical form of the

loss function in the equation below:
1 n
MSE = — ) (i = 7)? (214)
i=1

Where n refers to the volume of samples, y; is the target (or predicted)

label, and y; 1s the actual target of the classifier [43].
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Chapter Three The System Design

3.1. Introduction

In this chapter, the steps taken to meet the main goals of this
thesis are discussed. It involves designing a model to predict transcription
factor binding sites (TFBSs) in a DNA sequence. The architecture of this
model is depicted first. Then, data preprocessing is discussed to prepare
data for subsequent operations. After that, the model goes through two
different paths that include multiple methods such as k-mer embedding,
one-hot encoding, z-score motif extraction, and others. Next, the encoding
of features into multiple numbers will be explained. Finally, the CNN

model and evaluation methods are described subsequently.

3.2. The System Design

The proposed system architecture includes multiple phases for
achieving the aim of this thesis. The next sub-sections offer full discussion
of these phases, while this section provides a basic overview of them.
Firstly, the data preprocessing stage includes three steps: data cleaning,
integration, and reduction. Then, the work goes in two ways, each
involving three steps. The first way includes the k-mer embedding
method, the one-hot encoding method, and connecting each DNA
sequence with its TFs. In the second way, there are three operations: k-
mer generation, z-score consensus motif finding, and connecting each
consensus motif with the existing dataset. The outcomes of these two
paths will be input into the encoding phase, which encodes the features.
Then, the feature data will be split into training and testing sets. The
training data will be entered into a convolutional neural network (CNN)
to build the prediction model. While the testing data is transmitted to the
evaluation phase to assess the predicted class via different measures. The

general architecture of the suggested system is visualized in Figure 3.1.
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3.2.1. Dataset

The Arabidopsis Gene Regulatory Information Server (AGRIS)
1s a great reference for gene regulatory research in Arabidopsis thaliana,
the model plant. AtTFDB, AtcisDB, and AtRegNet are three
interconnected databases that provide extensive and up-to-date
information on transcription factors (TFs), predicted and practically
proven cis-regulatory elements (CREs), and their relationships,
respectively. Of the three databases mentioned, the focus will only be on
three files that will enter the preprocessing stage, which are

PromoterSeq.csv, BindingSite.csv, and Bindingsite data .csv.

3.2.2. Data Preprocessing

Preprocessing is the initial stage of the proposed model, which
aims to convert the raw dataset into a simple and efficient format. As a
result, it is an important procedure with the main vision of making a
dataset that may be considered reliable and useful for machine learning
methods (prediction algorithms). The data preprocessing phase consists

of three significant steps:

3.2.2.1. Data Cleaning

In this step, a missing value is an empty letter in a DNA
sequence, sometimes known as a “gap” between two letters or two
sequences. On the other hand, there are letters that are not labelled as
having irrelative value (A, G, C, T). Therefore, these errors caused by a
lack of dataset values will be handled by using a handling missing value
algorithm that is depicted in Algorithm (2.1). Data cleaning involves other
steps that will be implemented on the AGRIS database, such as removing

duplicates and deleting unwanted data.
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3.2.2.2. Data Integration

This step involves merging data from multiple data sources and
aggregating them into one representation form. So, the primary key
attributes are connected in one table with the foreign keys of the other
tables. The goal of this step is to combine features that help in the
prediction task into one table file. Figure 3.2 describes the relationships
between AtcisDB database attributes, and Figure 3.3 shows the

connection between AtTFDB database attributes.
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BS_Id BS Name | Chromosome| Strand|D -enome_1BS_Genome| o ser 14|BS_Seq
Start _End

Promoter_ld {Chromosome| Strand nsa.mm”“oam eas.mm”.__aao Prom_Type BS 54341 AMYC2BSinRD2| 1 .| 8s9THMS | 8507320 | Aig24260.1  cacatg
At1g24260.1 1 _ | gs9sen 8598881 aﬁm._ BindingSite Table

Eromiimn Teie “ | Promoter_Id | Promoter_Seq

aactccatctitctatitigg

Promoter_Id | Network_ld At1g24260.1 -
At1g24260.1 | Atlg24260 PromoterSeq Table
Atg26310.1 | Arlg26310

PromoterRegNet Table

FIGURE 3.2: RELATIONSHIPS BETWEEN ATCISDB DATABASE FILES
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FamilylD LocusName GeneName Description

ABI3VP1 At3g24650 AG floral homeotic protein| abscisic acid-insensitive..

1
\
\
\

\

BSName ~| Locusld ~| FamilylD ~

Reference v|  Author |

families_data Table

AG BS in AP3| At3g24650 ABI3VP1 G boxes in the prdTilly J. J., Allen

—1_FamilylD Description Bindingsite_data
ABI3VP1 Not Available
bHLH The basic/helix-loop-helix (bHLH)

families_id Table

“{ LocusName | Sequence | i .}
At3g24650 |MKSLHVALGGDADDTGHQDDDLIVHHDPSI... L g LocusName | Sequence
families_pep Table ~ __— At3g24650 | ATGACCG...
i e AT1G69120 | AGTTCAA....
il o A2g471% | ATGCGT.....
—1_FamilylD Reference Author | i
ABI3VP1 | The CAIG boxes in the promoter... [illy J. J., Allen D. W., Jack T fmilies_seq Tabie

families_ref Table

FIGURE 3.3: RELATIONSHIPS BETWEEN ATTFDB DATABASE FILES
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3.2.2.3. Data Reduction

This step complements the previous one by depending on
primary keys to minimize the size of the AGRIS database. Additionally,
in data reduction, data attributes (columns) that do not indicate
information regarding DNA-binding sites or description of transcription
factors will be deleted. Therefore, the database named "AtRegNet" that
contains a single file will not be used. The goal of this step is to reduce
the dimensionality of the dataset and therefore prevent overfitting during

the CNN training phase.

3.2.3. Computing One-hot method

3.2.3.1. K-mer embedding
The purpose of this step is to convert the DNA sequence that

resulted from the previous phase into k-mers. Before that, the length of
the k-mer (k) and the number of sequences (n) must be determined. The
DNA sequences that will be input in this step are from the PromoterSeq

file. The process of k-mer embedding is shown in Algorithm (3.1).
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ALGORITHM 3.1: K-MER EMBEDDING
Input: L k,n: where L is length of DNA-sequence and k is length of k-
mer (word) and n is number of sequence DNA sequences that resulted
from the data preprocessing stage
Output: 2D arrayl[m.n] where m is no. of k-mer and n is no. of
sequences
Begin
step 1 k-mers(seqgy:string, k:integer)
step 2 L« length(segq)

step 3 m=10

step4  forb=1ton

step 5 forj=1toL

step 6 k-mers(sequ;, k)

step 7 m++

step 8 if m<L-—k+1then
step 9 return to step 4
step 10 else

step 11 arrayl [m, n] < k-mers(DNA sequences, k=3)
step 12 end if

step 13 end j

step 14 end b
step 15  return arrayl

End

3.2.3.2. One - hot Encoding

The embedded k-mers will be transformed into one hot binary
matrix. As it was explained in the previous chapter, each position contains
four states, so if the nucleotide matches the state, it takes the number 1,
while the others are assigned to zero. The aim of the one-hot encoding
step is to represent the DNA sequence data in an appropriate form before
feeding it as input to the CNN neural network. The Algorithm (3.2)

depicts the steps of one hot encoding method.
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ALGORITHM 3.2: ONE HOT ENCODING

Input: Two dimensional arrayl [m,n] Where m is no. of embedded k-
mers and n is no. of input sequences //Output of algorithm (3.1)
Output: One-hot encoding matrix (E)

Begin

step I for each input sequence

step 2 for each k-mer in sequence

step 3 for each char in k-mer

step 4 if the column number correspond to char

step 5 assign char to 1 and other chars in k-mer assign to 0
step 6 end if

step 7 end for

step 8 end for

step 9  end for

step 10  store all char encoding in the array E
step 11  return E

End

3.2.3.3. Binding each DNA sequence with its TF/s

In this step, the DNA sequences that entered the k-mer
embedding step will be connected with their transcription factor(s). The
number of transcription factors is different from one sequence to another.
Some sequences have 8 TFs, others have 20 TFs. So, this step is

significant to extract the TFs feature before the CNN classification step.

3.2.4. Consensus Motif Finding

3.2.4.1. K-mer generation

In this step, a k-mer dictionary will be generated by assigning a
k-length to mers. The number of generated words is calculated by 4%. This
step is important because it comes before the z-score motif method, which

is calculated for each k-mer result from the generation step.

3.2.4.2. Z-score-based Motif finding
The DNA sequences that resulted from the data preprocessing
phase will be the input to the z-score motif method step. The goal of this

step is to calculate z-score values for each k-mer from the previous

51



Chapter Three The System Design

generation step. The Algorithm (3.3) explains how to calculate the z-score

function depending on equation (2.2).

ALGORITHM 3.3: Z-SCORE-BASED MOTIF FINDING

Input: /, n: where L is length of DNA-sequence and n is number of sequences,
DNA sequences that result from the data preprocessing stage
Output: ranking z-score for all k-mers

Begin
Step 1

Step 2
Step 3
Step 4
Step 5

Step 6
Step 7
Step 8
Step 9
Step 10

Step 11

Step 12

Step 13

Step 14
End

Divide (n) sequences into two groups: positive sequence (p) & negative
sequence (g)
n_p = number of positive sequences

n_g = number of negative sequences

generate k-mers dictionary with specified (k) length

for each k-mer in dictionary
compute matches_p that refers to number of occurrences of k-mer in
positive sequences
compute mean_p, depending on three variables (probability of k-
mer, matches p, n p)
compute standard deviation (std_p) by equation: std_p =

Jmean_p

compute matches _n that refers to number of occurrences of k-mer in
negative sequences

compute mean_n, depending on three variables (probability of k-
mer, matches n, n_g)

compute standard deviation (std_n) by equation: std n =+/mean_n

matches_p — mean_p

compute z_p (z-score for positive sequence) = std.p

matches_n — mean_n
std_n

compute z_n (z-score for negative sequence) =

compute ranking z-score =z p—z n

3.2.4.3. Connecting each Consensus Motif with the Dataset

In this step, the k-mers for which the z-score value is calculated

will be connected with the database. The k-mer that matches some or all

of the consensus motifs that exist in the motif attribute of the

Bindingsite data.csv file will be returned as an outcome of this step. In

addition, the results will be saved in a specific table that contains two

features: the consensus motif and its z-score value.
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3.2.5. Encoding Features

In the feature encoding phase, each feature will be encoded into
a real number. The input for this phase consists of four features that are
resulted from the previous steps. From one-hot encoding’s path, two
attributes will be obtained: DNA sequences (encoded by one-hot
encoding, so this feature is not needed for the encoding step) and their
TFs. For the consensus motif’s path, the result shows two features, which

are the consensus motif and its z-score.

3.2.6. CNN Classification

The features dataset will be divided into two parts before
implementing the prediction model, known as the training set and the
testing set. The percentage of training data is seventy percent, while thirty
percent is the ratio of testing data from the overall dataset. In general,
establishing the prediction model is the most critical stage in the suggested
system. The Convolutional Neural Network (CNN) model is employed in
this thesis because it is simple to interpret while still being particularly
capable of dealing with the datasets. It is also capable of achieving the
best prediction performance. The CNN model is used with carefully
chosen input data because of its proven usefulness in providing satisfying
results and improving prediction performance. As a result, the suggested
system is designed around the CNN model for class label prediction.

Table 3.1 depicts the CNN structure as follows:

53



Chapter Three The System Design
TABLE 3.1: THE PROPOSED STRUCTURE OF THE CNN SYSTEM
Params
Layer Layer information Output shape
number
conv2d 1 (Conv2D) No. of filters = 32, filter size | (None, 2, 4679, 32) 160
(2,2)
max-pooling2d 1 (MaxPooling Pool size (2,2), strides (2,2), | (None, 1, 2340, 32) 0
2D) padding =’same’
conv2d 2 (Conv2D) No. of filters = 64, filter size | (None, 1, 2340, 64) | 18496
(3,3), activation="relu’
max-pooling2d 2 (MaxPooling Pool size (3,3), strides (3,3), | (None, 1, 780, 64) 0
2D) padding =’same’
Conv2d 3 (Conv2D) No. of filters = 64, filter size | (None, 1, 780, 64) 36928
(3,3), activation="relu’
max-pooling2d 3 (MaxPooling Pool size (3,3), strides (3,3), | (None, 1, 260, 64) 0
2D) padding =’same’
Conv2d 4 (Conv2D) No. of filters = 128, filter (None, 1, 260, 128) | 204800
size (5,5)
max-pooling2d 4 (MaxPooling Pool size (5,5), strides (5,5), | (None, 1, 52, 128) 0
2D) padding =’same’
Flatten / (None, 6656) 0
dropout_1 (Dropout) 0.8 (None, 6656) 0
dense 1 (Dense) 1024, activation="relu’ (None, 1024) 6816768
dropout_2 (Dropout) 0.6 (None, 1024) 0
dense 2 (Dense) 512, activation="relu’ (None, 512) 524800
dropout_3 (Dropout) 0.6 (None, 512) 0
dense 3 (Dense) 1, activation="sigmoid’ (None, 1) 513

The convolution process has been conducted between the input

and filter from left to right, as indicated in Figure (2.11) of the input and

output feature maps provided in the previous chapter. Assume the input

dataset I of i, j indices received k weight filters W of size L X L of m and

n indices, and its receptive field is also L X L of indices i + m, j + n, and

it travels in S stride. The convolution process is illustrated in the algorithm

(2.2). As aresult, the obtained feature map is the result of the convolution
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layer being sent through the pooling layer to be down-sampled. The
Algorithm (2.3) displays the pooling algorithm.

CNN is regarded as a black box that is designed to extract
features based on pre-specified parameters and is proposed to predict
DNA binding sites in order to provide the desirable outcome. The

construction of the CNN model utilized is depicted in Figure 3.4.

Fully Connected + Fully Connected +
Flatten Activation (ReLU) + Sigmoid (probabilistic
Dropout output)

Y
Feature Vector

b

".-.v/.;-

FIGURE 3.4: ARCHITECTURE OF THE USED CNN MODEL

3.2.7. Model Evaluation

In this phase, the accuracy of the CNN model is evaluated
depending on the testing set. To provide a more reliable assessment, the
model’s performance is evaluated utilizing the training and testing
datasets. The model is trained for a period of time while the loss is
monitored in the training and test datasets as well as the accuracy measure.
Every epoch, the model produces the training loss and accuracy as well as
the testing loss and accuracy. Actually, there are several other metrics,
such as precision, recall, Fl-score, and AUPRC (all the measures
equations in Chapter 2). These measurements will support the model’s

performance and ensure the result’s validation.
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Chapter Four Experimental Results and Discussion

4.1 Introduction

This chapter offers the outcomes of experiments of the
suggested system for prediction of DNA binding sites. The proposed
method depends on three sets of databases, which are (AtTFDB, AtcisDB,
and AtRegNet). The goal of this method is to predict protein DNA binding
affinity to DNA probes by utilizing an effective deep learning technique,
which is a convolutional neural network. Following that, the results will
be analyzed and compared with the performance of the different models.
The capability to discover transcription factor binding locations or motifs
in the genome is used to assess performance. To evaluate the results, some
metrics, such as accuracy and loss, are commonly employed in machine
learning and motif discovering evaluation. In addition, other standard

measurements (precision, recall, F-measure, and AUPRC) are also used.

4.2 Experimental Settings

The proposed model tests have been carried out on a laptop
Lenovo core i5 RAM 4G SDD Hard Python language 3.8 versions using
the Jupyter Notebook program on Windows 10 operating system. The
steps and algorithms have been executed more than once in order to

achieve the ideal result for each algorithm.

4.3 Dataset Description
The database included in this study has been obtained from the

Arabidopsis Gene Regulatory Information Server (AGRIS;
http://arabidopsis.med.ohio-state.edu/). It was released on March 11,
2019 by a number of researchers, including Dr. Erich Grotewold,
Wilberforce Ouma, Eric Maina, and Fabio Gomez. This database
contains 3 accessible datasets (AtTFDB, AtcisDB, and AtRegNet). The

Arabidopsis Transcription Factor Database (AtTFDB) gives ideas about
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1773 transcription factors (TFs) that have been classified into 50 types
depending on the existence of similar domains, which usually participate
in DNA-binding operations. The AtcisDB contains 3000 bp promoter
areas of genes and was retrieved from TAIR9 as in the latest version of
AGRIS, yielding a total of 33,239 sequences. The gene regulatory
network (AtRegNet) Database, on the other hand, has 8100 nodes, 814
TF and 7286 non-TF encoding genes, and is linked via 11,123 edges
[27].

4.4 The Results of Data Preprocessing

Preprocessing is an important stage that has been conducted on
the AGRIS dataset to avoid large value variances that dominate the
results. As already mentioned in Chapter 3, data cleaning, integration, and
reduction are significant steps to minimize dimensionality and therefore
avoid the main reason for overfitting. Figure 4.1 presents three data tables
before the data preprocessing phase. While Figure 4.2 shows the dataset

that is used after the data preprocessing operations.

promoter_Id [ Promoter Seq v
Atlgh1010.1  tcassaaagctatcgecicgacgatgctotateatitiggetattitag...
At1g01020.1 aataatatigtaacacatctaaatgatiagtigictocaattattgt..
At1201030.1 agatcegtegtatitcasagtatcacctacttatiattaticatatattttg..
At1g01040.1 fgittitctititiicatcattasaatatitatattttiatigtitgtgtt..

BsName Reference Author
AGBSinAP3 CCATTTTTAGT loral organ identityTilly . ., Allen D. Witp:/fwww.nchinlm.ni.govf...
AGBSInSUP| AtdgIB960  MADS CCATTTTTGG |n homeot\cprotemihmannl.L, Krizek ‘ttp:lfww.ncb\.nlm.mh.gov/...

BS Genome Start B35 cenome el promoter 103 Bsseq  Rdns Colorfdes pamifd

Locusld

B Motif [

| + 10476102 10476131 | Atlg9S201 acaatctasaccccaaaassaatcta  Red  MYB-related) AAACAATCTA
(o5 gstse|  com 1 + 1476051 1476105 Mg aaaatctatgectagceactaptaant  Red  MYB-rlaed AKAANTCTTGA
EX A 1 + 10477863 077850 | Mg aceatctacaccocanssanaatcta  Red  MYBwlated ARACANTCTA

FIGURE 4.1: THE DATASET BEFORE THE PREPROCESSING STAGE
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Promoter_id K3

. : MADS
AG BS In SUP Atag1E960 MADS ccattrttgg
i  AP1BSin AP At1g69120 MADS ceatttttag
APl BS in SUP Atlg6s120 MADS CCAttItigg
i ATMYB2 BS in RD22 At2g47190 MYB ctascca
AIMYC2 BS in RD22 Allg32640 BHLH cacatg
| CArG1 motif in AP3 NotAvailable MADS Eittacatasatggasas
CArG2 motif in AP3 NotAvailable BMADS ctiacciilcatggatia
i CArG3 motif in AP3 NotAvailable  MADS cettccatttttagtaac
CBF1 BS in corlsa A14g25450  AP2-EREBP tggcegac

ccal
BS_65654 ccal At1g29920.1 tatgactag agcaaccicag AAAAAAAATCTATGA
8S_65712 ccal At1g29930.1 tgactag = g AAAAAAAATCTATGA
BS_158148 JASE2 At1g76520.1 gregtcaatgacy gloccttaag CATACGTCGTCAA
BS_233392 E2F/DP A12g29680.1 titcccgetacticcatttttooctett TITCCCGC
BS_255121 PRHA A2g37040.1 taattg; &t TAATTGACTCAATTA

FIGURE 4.2: DATASET AS A RESULT OF THE DATA PREPROCESSING PHASE

4.5 The Results of Computing One-hot method

4.5.1 K-mer Embedding

Here, the result of the k-mer embedding process will be
displayed. The input size is limited to the first 4000 DNA sequences from
the PromoterSeq.csv file with a length of 200. The size of the words
depends on the size of the value of k, with length = 6. Therefore, each
sequence will be split into 195 words, as obtained by the rule
[(200- 6 /1] + 1 = 195. Table 4.1 shows the result of the 6-mer
method.
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TABLE 4.1: SPLITTING A DNA SEQUENCE RESULTS IN A 6-MER

Words (k = 6)
No. of No. of Word
record | 1 2 192 | 193 | 194
0 tcaaaa | caaaaa | aaaaaa tatcca | atccat | tccatt
1 agatcc | gatccg | atcegt ttttct tttctt | ttettg
2 tgtttt gttttt tttttc ggaata | gaataa | aataaa
3 gcatat | catatt atattt ttttge tttgca | ttgcag
4 cgcagt | gcagtc | cagtca aagtct | agtctt | gtcttc
3995 ttatgt | tatgtt atgtta ttacac | tacaca | acacat
3996 | agtgct | gtgetg | tgetgt caaaat | aaaatt | aaatta
3997 tttagt | ttagtt tagttg gcatgt | catgtg | atgtga
3998 | aaaaag | aaaagc | aaagcg atatga | tatgaa | atgaat
3999 | tgacac | gacact | acactt taattc | aattca | attcaa

4.5.2 One-hot Encoding

In this phase, each 6-mer word is turned into a4 X L one-hot

binary array (L is the sequence length). One-hot vectors are used to

continuously modify the parameters of kernel matrices by learning those

vectors. Figure 4.3 presents an example of a one-hot matrix from this

work.
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FIGURE 4.3: ONE-HOT ENCODING MATRIX

4.5.3 Binding each DNA sequence with its TF/s

In this step, the DNA sequence that entered the k-mer

embedding step will be connected with its transcription factor/s. This

occurred by matching the Promoter Id attribute in the PromoterSeq.csv

file with the Promoter Id attribute in the Bindin

gSite.csv file and

returning BS Name attribute values that represent the name of the TF/s

of each Promoter Id. The result is a table consistin

g of two attributes,

, as shown in Table (4.2).

which are Promoter Id and TFs

TABLE 4.2: THE RESULT OF CONNECTING DNA SEQUENCE WITH ITS

TFs
SORLIP1

Promoter_Id
At1g01010.1

G-box

ATHB2

At1g01010.1

At1g01010.1

Boxll
CCAl

MYB4

At1g01010.1

At1g01010.1

At1g01010.1

GATA

At1g01010.1

MYB
GATA

At2g21610.1

At2g21610.1

ATHB2

At2g21610.1

DPBF1&2
AtMYC2

At2g21610.1

At2g21610.1

At2g21610.1

L1-box

At2g21610.1
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4.6 The Results of Consensus Motif Finding
4.6.1 K-mer Generation

The aim of this step is to generate a set of k-mers (also called
“bag of words”) with a k length of 6 nucleotide characters. It is important
to remember that k-mers for larger values of k are also impacted by the
factors that affect lower values of k. The Figure below represents the result

of this step.

['aaaaac', 'aaaaag', 'aaaaat’, 'aaaacc’, 'aaaacg’, 'aaaaga’, 'aaaagt’, 'aaacac’,
'aaacag', 'aaacat’, 'aaacca’, 'aaaccc’, 'aaaccg', 'aaacga’, 'aaacgc', 'aaacgt’,
'aaactc’, 'aaactt', 'aaagaa’, 'aaagac', 'aaagag', 'aaagcc', 'aaagct', 'aaaggg’,
'aaagtc', 'aaataa’, 'aaatac', 'aaatcc’, 'aaatcg’, 'aaatga’, 'aaatgc’, 'aaatta’,
'aagagt', 'aagatg’, 'aagatt’, 'aagcca’, 'aagecec', 'aagect', 'aagega’, 'aagegc’,
'aagcta’, 'aaggaa’, 'aaggag', 'aaggec', 'aaggga', 'aagggc', 'aagggg’, 'aagggt’,
'aagtca’, 'aagtct', 'aagtga’, 'aagttt', 'aataaa’, 'aataac', 'aatacg’, 'aatact’,
'aataga’, 'aatcag', 'aatcat’, 'aatcca’, 'aatccg’, 'aatcga’, 'aatcgc', "aategt,
'tttect', 'titcga’, "tttege!, 'tttcgg’, 'titegt’, 'tttetg, 'tttgaa’, 'titgag', 'tttgat’,
'tttgea’, 'tttgeg', "tttget’, 'ttitggt’, 'tttgta’, 'tttgtg’, 'titgtt!, 'ttttaa’, 'ttttag', 'ttttat’,
'ttttca’, "ttttec, 'tttteg, 'ttttga’, 'ttttgg’, 'tittgt’, 'tttta’, 'tttttg, "teteet’|

FIGURE 4.4: SAMPLE FROM K-MER GENERATION

4.6.2 Z-score-based Motif Finding

To calculate the z-score motif method, the DNA sequence will
be read from the PromoterSeq file. The sequences should be split into
positive and negative sequence sets. And then computes z-score variables
(mean, standard deviation, and matches) for each set. The matches are the
number of matches between the k-mer resulting from the previous step
and the DNA sequences. Finally, a z-score from a positive set will be
associated with a z-score from a negative group to yield a ranking z-score.

The z-score method's results are shown in Figure 4.5.
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[-1.3241500844943914, 1.0755531137161825, 0.40832317673813634. 0.35648348432167865,
-0.4654189125943944, .23499730802500807, 0.9930265469236446, -0.40911751709950295,
1.1285813931098048, -0.07479327280852033. -0.11691502778379004, 0.01850259768607998,
-0.8088905093220404, -0.3933134168208383, -0.21265545988308787, -0.09479037448855365,
-0.5934258818245155, 0.816099241581437, 1.0135915002145843, 1.0426540014090548,

2.63821653828606845, 0.19970929297990025, -0.11114862773964518, 0.9640070101956546,
1.907355811795938, -0.19105933553587562, -1.1713640596131398, -1.4311426719569695,
2.532856292901215, 0.14412192173922733, -0.13675088978176575, 0.8236764164963475,
1.954350763771906, 2.6442814272641684, -0.6125662545322328, 1.5448541240153162,
2.1248777234238077, 0.6261354476973509, 0.826444409509115, 1.2195326809486815,
-1.2684100699685743, 2.2379020553536506, -0.2883712268407095, 0.6716039006642447,
1.0709192263048166, 2.771719524415147, 0.0, 2.4090592707490472, 3.7224390823026835]

FIGURE 4.5: THE RESULT OF Z-SCORE CONSENSUS MOTIF METHOD

4.6.3 Connecting each Consensus Motif with the Dataset

Through this phase, each consensus motif generated by the z-
Score method will be linked to the current dataset. Firstly, the consensus
motif will be matched to the motif attribute in the Bindingsite data.csv
file (as shown in Figure 4.6. Then, the matching consensus motifs and
their z-score will be connected with the DNA sequences that contain these

motifs. The result of this step is the 3 features saved in table 4.3.

™ ['anaaca’, 'aaacag, 'aacaga’, 'aatagg, 'acagaa’, 'agaata’, 'aggaaa’, 'atagga, 'cagaat’, 'gaatag', 'taggaa’,
'titagt’, 'tittag, 'tittgg’, "tttta’, "ttttg!, ‘'ctaacc’, 'taacea’, 'cacatg, 'geegac’, 'ggecga’, 'tggeeg’, 'naaaaa’
Consensus _] ...
mo f{ﬁi’ ‘attaaa’, ‘attagt’, 'ctaatt’, 'taattt’, ‘aattta’, 'atttaa’, ‘caattt’, 'ccaatt’, 'taatgg, 'ttaatg’. 'tttaat’, ‘actcat']
™ [-1.3241500844943914, 1.0755531137161825, 0.40832317673813634, 0.35648348432167865,
-0.4654189125943944, 0.23499730802500807, 0.9930265469236446, -0.40911751709950295,
Z-score 1.1285813931098048, -0.07479327280852033, -0.11691502778379004, 0.01850259768607998,
~ -0.8088905093220404, -0.3933134168208383, -0.21265545988308787, -0.0947903 7448855365,
for each — -
mo”f -0.5076999308213317, 0.4619127533019878. -1.034321600324624, -0.3598138899939016,
0.5629793323939047. -0.6793820645491877, -1.2334599922066225. 0.7989606931263218,
L 1.6139763580357567, -1.2743019769531259, -1.1100716634060426, -0.2665865327922958]

FIGURE 4.6: MATCHING CONSENSUS MOTIFS WITH A DATASET
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TABLE 4.3: THE 3-FEAURES RESULTED FROM THE CONNECTING MOTIF STEP

DNA Sequence Consensus motif Z-score
tcaaaaaagctatcgcctegacga..... ttcaag 0.688365599
tcaaaaaagctatcgcectcgacga..... actcaa 0.277554936
tcaaaaaagctatcgcectcgacga..... gattca 0.18826317
tcaaaaaagctatcgcectcgacga..... attcaa 0.166972355
tcaaaaaagctatcgcctcgacga..... aaaaaa 0.063866926
tcaaaaaagctatcgcctcgacga..... ttttta -0.21265546

tgacacttcttttttcttggataaa.... ttttta -0.363352681
tgacacttcttttttcttggataaa.... ttatta -0.636917368
tgacacttcttttttcttggataaa.... taattg -0.742839014
tgacacttcttttttcttggataaa.... aaatct -0.808890509
tgacacttcttttttcttggataaa.... taacta -1.274301977

4.7 The Results of Encoding features

In this stage, all the TFs attribute values from the connect tf.csv
file will be encoded depending on the LabelEncoder library. This library
converts any string into a real number. Before that, each transcription
factor that belonged to the same Promoter Id should be put into one
sublist in the general list. Then, all values in each sublist will be merged
into one value and converted into a float type. It is worth noting that
padding will be used in each sublist by adding huge values of the number
(1) for each sublist. In addition, cons (consensus motif) and z-score
attributes are saved in the motifseq5.csv file and will be encoded into
numbers in order to enter them into CNN by the same method of encoding

TFs. The results of this step are depicted in Figures 4.7 and 4.8.
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FIGURE 4.8: THE RESULTS OF ENCODING CONS ATTRIBUTE

4.8 Results of CNN Classification

In this phase, the results of using a CNN neural network model
to perform prediction of transcription factor-binding sites (TFBS) in the
DNA will be presented and discussed. To study the performance of the
suggested model, 70% of the dataset is used as the training group and 30%
as the testing. Moreover, the SGD algorithm (which includes learning rate
and momentum) 1s added to improve the overall score. In principle, the
CNN model used in this research is developed using the Keras Python
library. Keras is a small and simple Python deep learning toolbox that can

be placed on top of TensorFlow (Theano or CNTK). It enables designers
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to concentrate on principles of deep learning, like designing CNN layers,
while handling the essential aspects of tensors, their forms, and their
algebraic specifics. The Keras backend must be TensorFlow (or CNTK).
Keras can be used for deep learning techniques without needing
communication with the more advanced TensorFlow [55]. Therefore,
Keras is appropriate for research where prototypes may be quickly
developed and tested. The CNN model is selected specifically, and its
structure consists of fifteen layers, comprising four convolution layers,
four max-pooling layers for extracting features, and one flatten layer. It is
followed by three fully-connected layers and three dropout layers for
prediction.

The first layer is the convolution layer, with a kernel size of
2 X 2 and 32 different filters. The second layer is a max-pooling layer
with a 4 X 4 pooling dimension, strides of 4 X 4, and a type of “same”. A
convolution layer with a kernel size of 3 X 3 and 64 different filters and a
ReLU activation function are applied in layer three. The fourth layer is a
max-pooling layer with a pooling size of 3 X 3, strides of 3 X 3, and the
property “same”. The 5th and 6th layers use the same settings as the 3rd
and 4th layers. The seventh layer is the convolution layer, with a kernel
size of 5 X 5 and 128 different filters. Following that, a max-pooling in
layer eight that has a pooling dimension of 5 X 5, strides of 5 X 5, and a
type of “same”. The ninth layer is the flatten layer. A dropout layer is in
tenth layer to overcome the overfitting problem with a ratio of 0.8. Then,
the eleventh layer is a fully connected layer, which has 1024 neurons and
a ReLU activation. A dropout layer is in layer twelve, and the ratio is set
at 0.6. The thirteenth layer is a fully connected layer with 512 neurons,
with a ReLU function. The fourteenth layer is the dropout layer. The last
fully connected layer has 1 neuron to predict probability classes in layer

number fifteen and uses a sigmoid layer as a prediction layer.
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In addition, Mean Squared Error (MSE) is used as the loss
function to compute the loss, accuracy as a metric, and this model is

trained with 50 epochs. The model hyper-parameters are shown in table

4.4.

TABLE 4.4: HYPER-PARAMETERS OF THE PROPOSED MODEL

Hyper-parameters Value
Learning rate () 1.0
Momentum factor 0.9, 0.99

Batch size 350
Maximum number of epochs 50
Dropout 0.6, 0.8
No. of filters 32,64, 128

4.9 Evaluating the Proposed Model

Accuracy and loss are used in this research to evaluate the
performance of the suggested approach in addition to precision, recall, F-
score, and AUPRC measurements. The program is implemented with k-
length ranges from 3 nucleotide strings (3-mer) to 8 characters (8-mer).
Table 4.5 shows the evaluation of CNN model results by multiple metrics
(accuracy, precision, recall, Fl-score and others). The results are very
close to each other, and this refers to performance efficiency under any k-

mer length.
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TABLE 4.5: THE EVALUATION OF THE CNN MODEL WITH VARIOUS MEASURES
ACROSS MULTIPLE K-MER LENGTHS

Evaluation Measures

CNN Classifier
Accuracy
Loss
Precision
Recall
F1- score
AUPRC

99.26% | 5% 100% | 100 % | 100 % 1.0
99.26% | 5% 100 % | 100 % | 100 % 1.0
99.2% |6.31% | 100% | 100% | 100 % 1.0
99.18% | 7.63 % | 100% | 100% | 100 % 1.0
99.14% | 8.44% | 100% | 100% | 100 % 1.0
99.06% | 9% 100% | 100 % | 100 % 1.0

AR
w\lg\()l-hu

On the contrary, when observing the results of previous models
of TFBS predictions, the proposed model outperforms all of them on
accuracy (ACC), recall (Rec), and precision (Pre) metrics. Table 4.6 and

Figure 4.9 offer the full details of the comparison between models.

TABLE 4.6: COMPARISON BETWEEN PROPOSED MODEL AND OTHER SYSTEMS

ACC % Pre % Rec %

DeepBind 78.21 81.96 69.26

DeepSEA 81.58 94.81 64.66

Zeng 81.69 83.69 76.20

DeepSite 85.62 88.47 80.09
Proposed Model 99.26 100 100
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FIGURE 4.9: 3D-MODEL OF METHODS COMPARISON
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5.1.

Conclusions

The most essential characteristics revealed during the

implementation of the proposed methodology and the discussion of its

results are the following:

1

5.2.

1))

The proposed system has effectively proved successful in
identifying DNA’s binding sites via utilizing z-score motif finding
method. Furthermore, according to all standard evaluation metrics,
the proposed method yields promising findings in the prediction
model.

The importance of reducing data dimensions in order to avoid
overfitting, that effect on the model's performance.

The comparison with other methods, as presented in Table (4.6),
shows that the proposed system is the best of all models depending
on three measurements (accuracy, precision, and recall) by
achieving an accuracy of about 99.26%, a recall value of 100%, and
a precision value of 100%, too.

This research helps biologists more in identifying points or sites of
connection between TFs and DNA sequences and speeds up their

work and analysis of any other dataset.

The Future Works

Some future directions can be highlighted here:

Applying the suggested system to different databases such as the

UniProbe database, ChIP-seq datasets, GTRD datasets and others.
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2)

3)

4)

Examining and demonstrating the influence of alternative
consensus motif mining techniques on the prediction model, such
as expectation maximization (EM), Gibbs sampling, and others.
Investigating different models that can be compared to the CNN
model and attempting to reduce prediction error.

Employing various classification methods, such as the SVM

algorithm or RNN network, to find DNA binding sites.
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