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Abstract

The process of drug discovery is costly and time-consuming, which
can lead to increased healthcare costs for patients. The identification of new
drug—target interactions (DTI) is a substantial part of the drug discovery
process. Drug repurposing is a promising approach to find new uses for
approved drugs, but existing computational models that estimate the
interaction strength of new drug-target pairs have limitations in how they
represent molecules. Furthermore, predicting binding affinity values of
drug-target pairs remains a challenge, even with the increasing availability

of affinity data in DT knowledge-bases.

Therefore, there is a need to reduce the cost of predicting drug-target
interactions (DTI) in order to accelerate drug discovery and make it more
affordable. The dissertation aim to developing models to find the
interaction between drugs and targets. These models can also be used to

reuse drugs for a specific disease.

This dissertation introduces two deep learning models for drug-target
interaction prediction: BIGRU-DTA and MPNN-BIGRU-DTA. The
BiGRU-DTA used a bidirectional gated recurrent unit (Bi-GRU) to extract
features from protein and drug sequences. MPNN-BiGRU-DTA employed
two distinct neural network components: a message-passing neural network
(MPNN) for processing drugs and a bidirectional gated recurrent unit (Bi-
GRU) for processing proteins. Both models were rigorously assessed on the
Davis and KIBA datasets.

The results demonstrated that both models exhibited high predictive
capabilities. Upon careful examination of the results, it is evident that
Model-2 consistently outperforms Model-1 across all three datasets.

Specifically, on the Davis dataset, Model-2 demonstrates a comparable



MSE (0.202) compared to Model-1 (MSE: 0.237). Similarly, on the KIBA
dataset, Model-2 achieves a MSE (0.204) in comparison to Model-1 (MSE:
0.200).

The performance of different drug-drug interaction (DDI) prediction
methods was evaluated based on various evaluation metrics, including
accuracy, area under the curve (AUC), F1-score, precision, and recall. The
proposed method achieved the highest accuracy of 0.92, indicating its

ability to predict DDIs accurately.
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Chapter One General Introduction

General Introduction

1.1 Introduction

Chemical data collection, storage, analysis, and manipulation is the
focus of the relatively new field of information technology known as
cheminformatics. Cheminformatics was initially developed as a tool to
help with drug research, but it is now utilized in a variety of biological,
chemical, and biochemical domains. Cheminformatics refers to the use of
computer and informatics approaches to a variety of chemical challenges.
Pharmaceutical firms employ these in-silico approaches for developing

new drugs [1].

Drug discovery and development have been sped up because of the
advances in computational science. Artificial intelligence (Al) is widely
used in both industry and academia. Machine learning (ML), an essential
component of Al, has been used in a variety of contexts, including data
production and analytics [2]. Drug discovery is one area that stands to
gain significantly from this machine learning achievement. ML may be
used to accelerate and minimize the labor-intensive and costly process of

discovering novel medications [3][4].

Drug development, bioinformatics, and cheminformatics have
benefited from introducing these computer-assisted computational
techniques. Bringing a new medicine to market is complicated and time-
consuming, costing pharmaceutical companies an average of $2.6 billion
and 10 years of research and development [5]. There are several distinct
steps to this process, each with its own set of obstacles, timetables, and

costs:

e Discovery and Validation of Targets
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¢ |dentification of Lead Compounds (Drug-Target Interaction)
e Lead Optimization

e Preclinical and Clinical Drug Development

Drug-target interactions (DTIs) are an important stage in the drug
discovery process. However, identifying drug-target interactions in Wet-
lab (in vitro) research is highly expensive, time-consuming, and complex
[6]. Computational (in-silico) techniques can successfully enhance
traditional in vitro activity detection procedures, allowing the
identification of interacting drug-target combinations and speeding up
drug discovery. As a result, in recent years, in drug development and
molecular pharmacology, computational approaches to predict drug-

target interactions have emerged as a prominent research issue [7].

Drug repurposing (or drug repositioning) is the process of finding
new medical uses for existing drugs. This can be done by testing drugs
that have already been approved for one condition against other
conditions, or by looking for new targets for existing drugs [8]. Therefore,
the dissertation focused on developing models to find the interaction
between drugs and targets. These models can also be used to reuse drugs

for a specific disease.

1.2 Problem Statement

The identification of new drug-target interactions is a substantial
part of the drug discovery process and predicting values of drug-target
binding affinity remains a challenge. Therefore, there is a need to reduce
the cost of predicting DTls in order to accelerate drug discovery and make
it more affordable. Drug repurposing is a promising approach to discovery

new uses for existing medications, but existing computational models that
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predict the interactions between new drug-target pairings have limitations
in how they represent molecules. Furthermore, Drug-drug interactions can
lead to altered drug concentrations in the body, increased or decreased

therapeutic effects, or increased risk of adverse drug reactions.

1.3 Related Works

Several papers have been published in recent years that use deep
learning techniques to process drug discovery issues. This section focuses

on the most recent works in this topic as listed below.
1.3.1 Drug-Target Interactions

Oztiirk et al. (2018), their study objective was to develop a method
for calculating binding strength values of protein-ligand interactions,
commonly known as binding affinity. They devised a deep learning based
approach that predicts DT interaction binding affinities using just
sequencing information from both targets and medicines. The findings
demonstrated that the suggested deep learning-based model, which used
1D representations of targets and pharmaceuticals, it is a fantastic method
for forecasting medication target binding affinity. By employing CNNs to
construct high-level representations of a drug and a target, they found
0.878 for the Cl and 0.261 for the MSE using the Davis dataset, and 0.863
and 0.194 for the Cl and MSE using the KIBA dataset [9].

Wen T et al (2019), they offer a graph-convolutional (Graph-CNN)
architecture with two stages for predicting protein-ligand interactions in
this research. They originally presented a graph-autoencoder for
unsupervised learning of fixed-size protein pocket representations Then,
two Graph-CNNs are trained to extract features from pocket graphs and

2D molecular graphs automatically. On typical virtual screening
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benchmark datasets, Graph-CNNs outperformed or were equivalent
ligand-scoring 3D CNN, AutoDock Vina, Random Forest - Score, and

NNScore across numerous criteria [10].

Tsubaki et al (2019), the authors studied the usage of end-to-end
representation learning for compounds and proteins. In this study,
integrated the representations, and created a novel Compound Protein
Interaction (CPI) prediction approach by merging a graph neural network
(GNN) for compounds and a convolutional neural network (CNN) for
proteins. The results obtained from three CPI datasets indicate that the
proposed end-to-end approach attains competitive or even superior
performance when compared to a range of existing CPI prediction
methods [11].

Oztiirk et al. (2019), they suggested WideDTA is a deep-learning
based prediction model that employs chemical and biological textual
sequence information to predict binding affinity. And they discovered that
the WideDTA uses four text-based information sources, namely the
protein sequence, ligand SMILES, protein domains and motifs, and
maximum common substructure words to predict binding affinity.
WideDTA demonstrated superior performance compared to one of the
state-of-the-art deep learning methods, DeepDTA, in predicting drug-
target binding affinity on the KIBA dataset, and this superiority was
statistically significant [12].

Lin et al (2020), the authors proposed a novel end-to-end learning
framework, called DeepGS, which uses deep neural networks to extract
the local chemical context from amino acids and SMILES sequences, as
well as the molecular structure from the drugs. Also, they propose to use
advanced embedding techniques (i.e., Smi2Vec and Prot2Vec) to encode

the amino acids and SMILES sequences to a distributed representation to

4
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assist the operations on the symbolic data. Meanwhile, they suggested a
new molecular structure modeling approach that works well under their
framework. Extensive experimental results with compare to state-of-the-
art models demonstrate the superiorities and competitiveness of DeepGS
[13].

Shao et al (2020), the study introduces a novel DTI prediction
model. The model extracted features from drug and target expression
profiles using a spectral-based graph convolutional network (GCN), and
latent connections between drug and target using a CNN. Finally, the
features that have been collected are concatenated and used to train an
effective classifier. The benefit of DTIGCCN is that the extracted
characteristics are more refined and focused, and the drug-target
correlation is completely applied to the prediction. The experimental
findings reveal that their model outperforms traditional DTI prediction
approaches based on feature extraction and introduces a novel notion and
method for DTI prediction [14].

Shim et al (2021), they devised a method for calculating binding
affinity, which describes the strength of a DT pair's interaction. The drug
may be ineffective if the binding affinity is inadequately high. As a result,
methods for predicting DT binding affinities are particularly useful. To
predict DT binding affinities, the researchers used a similarity-based
approach in which for the medications and targets, the 2D CNN is used to
compute the outer products of two similarity matrices. According to them,
the proposed technique was the first to apply 2D CNN in DT binding
affinity prediction based on similarity. The validation results on a large
number of open data sets demonstrated that the model suggested is a

viable technique for estimating DT binding affinity and may be
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tremendously beneficial in the drug development process. They employed
the Davis and KIBA datasets [15].

Nguyen et al (2021), the authors proposed a new DTA prediction
model based on a combination of graph neural networks and conventional
CNN. For the proteins, they used a string of American Standard Code for
Information Interchange (ASCII) characters and apply several 1D CNN
layers over the text to learn a sequence representation vector. Specifically,
the protein sequence is first categorically encoded, then an embedding
layer is added to the sequence where each (encoded) character is
represented by a 128 dimensional vector. Next, three 1D convolutional
layers are used to learn different levels of abstract features from the input.
Finally, a max pooling layer is applied to get a representation vector of
the input protein sequence. For drugs, they used the molecular graphs and
trial four graph neural network variants, including Graph Convolutional
Networks (GCN), Graph Attention Network (GAT), Graph Isomorphism
Network (GIN) and a combined GAT-GCN architecture [16].

De Souza et al (2022) proposed MPS2IT-DTI, a DTI prediction
model, is included in this study. It has been developed in stages: the
development of a novel technique for visual encoding of chemical and
protein sequences; the creation of a deep learning approach based on a
convolutional neural network in order to provide a new way for DTI
prediction; and the development using a deep-learning approach based on
a convolutional neural network to create a novel DTI prediction method.
In terms of neural network model performance and complexity, according
on the training findings using the Davis and KIBA datasets, MPS2IT-DTI
surpasses existing state-of-the-art (SOTA) approaches. They found 0.876
for the concordance index (Cl) and 0.276 for the MSE using the Davis
dataset, and 0.836 and 0.226 for the Cl and MSE using the KIBA dataset,
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respectively. Furthermore, because the MPS2IT-DTI model regarded
molecular and protein sequences as pictures rather than as an NLP
problem, it did not include an embedding layer, as seen in previous models
[17].

D’Souza et al (2023) introduced a deep learning CNN model called
DeepPS to predict unknown ligand—target interactions efficiently using
one-dimensional SMILES for drugs and motif-rich binding pocket
subsequences of proteins. The method outperforms shallow machine
learning methods and is more computationally efficient when compared
to using full-length raw sequences of proteins. They used the composition
of ligands, proteins, and interactions in two benchmark datasets, Davis
and KIBA. They found 0.854 for the ClI and 0.353 for the MSE using the
Davis dataset, and 0.844 and 0.218 for the CI and MSE using the KIBA
dataset [18].

1.3.2 Drug Repurposing

Mukherjee et al (2022) proposed DeepGLSTM. It is an LSTM-
based Graph Convolutional network drug repurposing strategy for SARS
CoV-2 which forecasts the binding affinity values of Food and Drug
Administration (FDA)-approved medicines and SARS-CoV-2 viral
protein. Datasets from Metz, Davis, KIBA (Kinase Inhibitor Bioactivity)
and DTC (Drug Target Commons) were used to train their suggested
model. They predicted a Combined Score of 2,304 FDA-approved
medicines against 5 viral proteins using their new design. They created a
ranking of the top 18 drugs based on their affinity for the five viral
proteins discovered in SARS CoV-2 based on the Combined Score.
Following that, this list might be utilized to develop new helpful
medications [19].
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Ranjan et al (2022), their goal was to create a highly active
chemical that could attach to the protein structure of SARS-CoV-2. The
Gated Graph Neural Network (GGNN), Knowledge Graph, and Early
Fusion methods are all used were utilized to construct a framework that
takes tertiary and sequential molecule and protein representations into
account. Before being input into the Early Fusion model, the produced
molecules from GGNN are filtered using Knowledge Graph to decrease
the search space by removing non-binding compounds. The resulting
molecule's binding affinity score is also predicted utilizing the early
fusion technique. The results of their experiments demonstrated that their
framework created genuine and unique compounds with great precision
while keeping chemical characteristics. The framework was also tested
with two viral proteins from SARS-CoV-2: RNA-dependent RNA
polymerase (RdRp) and 3C-like protease (3CLpro) MOSES dataset -
DAVIS dataset [20].

1.3.3 Drug-Drug Interactions

A paper by Wang et al. (2020) proposed a deep learning-based
method to predict potential DDIs by incorporating the chemical structure
and pharmacological properties of drugs. The authors utilized a stacked
auto-encoder model to extract drug features and a convolutional neural
network for predicting DDIs. Their approach achieved an accuracy of

85.07%, outperforming traditional machine learning methods [21].

In another study, Wei et al. (2019) proposed a graph convolutional
network-based approach for DDIs prediction. The authors utilized drug-
drug interaction networks and molecular fingerprints as input to their
model. Their approach achieved an accuracy of 88.42% and 0.881 F1-
score, outperforming traditional machine learning methods such as

decision trees and random forests [22].
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Chen et al. (2020) proposed a hybrid deep learning model for
predicting potential DDIs. Their model incorporated drug features,
including molecular structure, biological processes, and side effects, as
well as network-based features, such as drug-drug interaction networks.
Their approach outperformed traditional machine learning methods,

achieving an accuracy of up to 97.5% [23].

A study by Peng et al. (2020) combined deep learning and network
analysis techniques for predicting serious DDIs. The authors utilized a
deep neural network and drug interaction networks to predict a high-risk
DDI based on drug combinations. Their approach achieved an accuracy

of 93.1% and outperformed traditional machine learning methods [24].

Finally, Chen et al. (2020) proposed a deep learning-based model
for identifying drug combinations that reduce the risk of drug-drug
interactions. Their model used a Long Short-Term Memory (LSTM)
network and attention mechanism to predict the probability of DDI
occurrence. Their approach achieved promising results, with an AUC-
ROC of 0.8431 and an accuracy of 0.8106 [25].

A paper by Li et al. (2020) proposed a novel method called
DDIPLM for predicting drug-drug interactions based on pharmacological
pathways, chemical structures, and side effect profiles of drugs. They
utilized a patient-level matrix factorization model to identify potential
DDIs. Their approach achieved an accuracy of up to 92.68%,

outperforming traditional machine learning methods [26].

A summary of the previous studies that were conducted on the
datasets used in our dissertation with additional details is listed in Table
(1.1):
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Table (1.1): Summary of Related Work

Result
(MSE)

Title Year Method

DeepDTA: deep drug-target binding affinity
2018  Two CNN 0.261
prediction [9]
WIDEDTA: Prediction of Drug-Target
Binding Affinity [12]

DeepGS: Deep Representation Learning of

2019  Four CNN 0.262

CNN + GAT
Graphs and Sequences for Drug-Target 2020 0.252

+ Smi2Vec
Binding Affinity Prediction [13]
GraphDTA: predicting drug—target bindin
.p- _ P J ATHg—als : 2021 GNN+CNN 0.254
affinity with graph neural networks [16]

DeepGLSTM: Deep Graph Convolutional

Network and LSTM based approach for 2022 GLS_I:\; 0.232

predicting drug-target binding affinity [19]

A Novel Deep Neural Network Technique CNN with

for Drug—Target Interaction [17] 2022 image 0270
GGNN,

Generating novel molecule for target protein Knowledge

(SARS-CoV-2) using drug—target interaction 2022  graph, and 0.223

based on graph neural network [20] Early Fusion
approach

Deep Learning-Based Modeling of Drug—
Target Interaction Prediction Incorporating 2023 CNN model  0.218

Binding Site Information of Proteins [ 18]

10
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1.4 Dissertation Aim

The dissertation aims to developing models to find the interaction
between drugs and targets. These models can also be used to reuse drugs

for a specific disease.

e Develop a model for predicting drug-target interactions.
e Drugs repurposing by suggest a highly potent active molecules
(drugs) that can bind with the protein of SARS-CoV-2.

e Develop model for predicting Drug-Drug interactions.

1.5 Dissertation Contributions

e Employing deep learning models to predict drug-target interactions
(DTI) using Graph Neural Network (GNN).

e Drugs repurposing by generating a list of the top drugs with the
highest binding affinity for the viral proteins present in SARS-
CoV-2.

e Employing a deep learning architecture for predicting Drug-Drug

Interactions and uses it to test the interactions of the top drugs.

1.6 Dissertation Outline

After Chapter One, which presents an introduction to the entire thesis, the
rest of the thesis is structured as the following:

Chapter Two, "‘Theoretical Background': Many concepts will be
introduced in this chapter, including datasets used in this dissertation, drug
and protein representation, ML, DL, DTI, DTI, drug repurposing, and

evaluation measures.

11
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Chapter Three, ""Methodology and Proposed System**: This chapter first
views the proposed methodology. Then, two parts will be discussed: the
first part presents two DL models for DTI. Furthermore, the second part

explains drug repurposing for SARS-CoV-2.

Chapter Four, "Results and Discussion': This chapter presents the
results of the proposed models on all the datasets used in this dissertation.
Then, the results will be compared with the previous studies conducted on

these same datasets.

Chapter Five, "Conclusions and Future Works™: Many conclusions
drawn from our proposed models and suggestions for future work will be

introduced.

12
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Chapter Two Theoretical Background

Theoretical Background

2.1 Introduction

In this chapter, the dissertation presents the theoretical foundations
of automating drug discovery using deep learning. The chapter begins
with the discussions of the representation of drugs and proteins, which
serve as the fundamental building blocks of the drug discovery process.
The chapter will also explore various deep learning techniques that have
demonstrated utility in drug discovery. Additionally, the chapter will
delve into specific deep learning models such as Bi-GRU (Bidirectional
Gated Recurrent Units) and MPNN (Message Passing Neural Networks),
which have shown promise in analyzing sequential data and graph-

structured data, respectively.

Furthermore, the chapter discusses the applications of deep learning
in different stages of the drug discovery process, including drug-target
interaction prediction, drug properties prediction and de novo drug design.
Lastly, it will touch upon related topics such drug-drug interactions, drug
repurposing and evaluation measures. These areas are important for
comprehensive understanding and analysis within the realm of

automating drug discovery using deep learning.

2.2 Drug Representation

It became vital to express molecules in a syntax that computers
could read and that scientists from different domains could comprehend.
Chemical representations have multiplied throughout time due to the rapid
advancement of computers and the difficulty of creating a representation
that incorporates every structural and chemical property. The following
sections show the most important types of representations by which we

14
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can represent compounds and be understood by the computer [27]. A drug
(compound) can be represented in a variety of ways as shown in Figure
(2.2).

Drug (compound)
Representation

Molecular fingerprint SMILES code (Text) Graph structure

CIEVAYS ) (Graph)

Figure 2.1: Methods of Drug (compound) Representation

2.2.1 Molecular Fingerprint

In chemical informatics, a molecular "fingerprint” is a commonly
used notion. Small compounds, such as drugs, perform best with
fingerprints [28]. It is difficult to compare molecules; however, it is easy
to compare bit strings. Many individuals convert a molecule to a bit string
and compare it in the hope of learning how to compare molecules. As
shown in Figure (2.2), each bit in a structural fingerprint corresponds to a
chemical property, generally the existence of some form of substructure,

as an array (vector) of ones and zeros.

However, it should be noted that it is not possible to completely
characterize the drug (compound) through fingerprint, so we may lose

some of the characteristics of the drug during this representation.

15



Chapter Two Theoretical Background

Figure 2.2: Molecular fingerprint
2.2.2 SMILES Code

Chemical notation known as SMILES (Simplified Molecular Input
Line Entry System) enables users to represent chemical structures in a
computer-readable way. SMILES is a tool that converts a drug's structure
into a linear representation of the molecule, as shown in Figure (2.3) so
that a computer program can interpret it. Basic syntactic requirements
must be followed while using SMILES. The representation will fail if
basic chemistry rules are not followed in the SMILES entry; for example,

if the user sets too many bonds on an atom [29].

3

<
N 4 (@]
A
1—/ —_ 0
F

N1CCN(CC1)C(C(F)=C2)=CC(=C2C4=0)N(C3CC3)C=C4C(=0)0
-

Figure 2.3: SMILES code
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In SMILES, the labels or unique letters represent atoms, bonds, and
other molecular features. The specific set of labels used in SMILES can
vary depending on the context and the molecules being represented.
However, some common labels are frequently encountered in SMILES

notation. The most commonly used labels for SMILES [30]:

1. Atoms:
a. Elements: The labels for elements are typically derived from
their atomic symbols. For example, "C" represents carbon,
"O" represents oxygen, "N" represents nitrogen, and so on.
b. Parentheses: Parentheses are used to represent atomic groups
or substructures within the molecule. They are typically
represented by the characters (" and *)".
2. Bonds:
a. Single Bond: The most common label for a single bond is
represented by the character "-".
b. Double Bond: Double bonds are often represented by the
character "=".
c. Triple Bond: Triple bonds are often represented by the
character "#".
d. Aromatic Bond: Aromatic bonds in aromatic compounds are
often represented by the character ":".
e. Ring Closure: Ring closures are represented by numeric
digits to indicate the connection between atoms within a ring.
3. Branching and Rings:
a. Branching: Branches in the molecular structure are indicated
by using parentheses "(" and )" around the branch.
b. Ring Formation: Rings are represented by numeric digits (0-

9) to indicate the connection between atoms in the ring.
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4. Charges and Isotopes:
a. Charges: Charges on atoms are represented by the characters
"+" and "-" followed by numeric digits.
b. Isotopes: Isotopes of elements are represented by specifying
the mass number before the atomic symbol. For example,
"C13" represents carbon-13.
5. Aromaticity and Special Symbols:
a. Aromatic Atoms: Aromatic atoms are often denoted by
lowercase letters, such as "'c" for aromatic carbon.
b. Aromatic Rings: Aromatic rings are often indicated by
enclosing the ring with lowercase characters, such as

"clcccecl” for a benzene ring.

It's important to note that SMILES notation allows for flexibility,
and the use of specific labels can vary depending on the specific molecule
or context. Additionally, extensions and modifications to the SMILES
notation have been proposed to represent more complex molecular

structures or to incorporate additional features [31].

While there are no strict rules regarding the maximum number of
unique symbols in SMILES, a commonly used set includes a total of 64
labels. These labels consist of uppercase letters, lowercase letters, and a
few special characters. Here is an example set of 64 labels for SMILES:

1. Uppercase letters (26):

A B CDEFGHILJKLMNOPQRSTUV,W,
XY, Z

2. Lowercase letters (26):
a,b,cdefghijklmnonpqrstuvwxy,z
Special characters (12): @, %, &, #, (,), [, .= +, -, .

18
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These 64 labels provide a broad representation of atoms, bonds, and
molecular features that can be encountered in SMILES notation.
However, it's worth noting that the use of specific symbols may vary
depending on the particular SMILES implementation or the specific

molecules being represented
2.2.3 Graph-structured Data

Creating graph-structured data and an adjacency matrix is another
technique to preprocess a chemical structure. The adjacency matrix holds
information on the connectivity of atoms, with "1" indicating a link and
"0" indicating no connection. Each bond in a molecule is converted into
an edge in the graph, and each atom is converted into a node in the

network, as shown in Figure (2.4) [26].

Each bond is an edge in the graph

Each atom is a node in the graph

Figure 2.4: Graph-Representation

2.3 Protein Representation

Proteins are crucial biomolecules involved in various biological
processes and serve as important targets for drug discovery. Effectively
representing proteins is essential for understanding their structure,

function, and interactions [32].

Amino acid sequences provide a primary level of protein

representation and are often the first step in characterizing proteins. In this
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representation, proteins are represented as linear chains of amino acids,
where each amino acid is denoted by a specific letter code. Amino acid
sequences capture the primary structure of proteins and contain valuable
information about the sequence's evolutionary conservation, post-

translational modifications, and potential functional regions [33].

The representation of amino acid sequences is commonly used in
various bioinformatics analyses, including sequence alignment, motif
discovery, and phylogenetic studies. These analyses enable researchers to
compare proteins, identify conserved regions, predict functional sites, and

infer evolutionary relationships [34].

There are twenty amino acids (AA) used as a section of developing
proteins. Each codon (genetic word comprised of just three letters) of AA
characterized by symbol or one letter as described in Table (2.1).

Table 2.1: Symbols of Amino Acid [35].

Symbol Symbol Symbol  Symbol
Name 3 (1 Name 3 (1

letters) letters) letters) letters)
Histidine  His H leucine Leu L
Alanine Ala A Serine Ser S
Tyrosine Tyr Y Cysteine Cys C
Methionine Met M Isoleucine lle I
Glutamine Gln Q Valine Val \/
Asparagine  Asn N Phenylalanine  Phe F
Lysine Lys K Glycine Gly G
Aspartate  Asp D Threonine Thr T
Arginine Arg R Glutamate Glu E
Tryptophan Trp W Proline Pro P
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2.4 Data Collection

In every stage of the drug discovery process, the datasets are crucial
for the development and viability of effective ML algorithms. The
dependence on large amounts of high-quality data and well-defined
training sets is even more important in precision medicine and drug
development. To ensure reliable and comprehensive analysis, data were
collected from various resources. For drug-target interaction prediction,
the Davis and KIBA datasets were utilized. These datasets provide
experimentally validated interaction data between drugs and their
respective protein targets. For drug-drug interaction prediction, accessed
the DrugBank and DDInter datasets, which contain detailed information
on drug properties, interactions, and adverse effects. Moreover, the NCBI

website was utilized to retrieve protein sequence data related to Covid-19.
2.4.1 Davis and KIBA datasets

To construct robust drug-target interaction prediction models, the
proposed system acquired data from two widely-used datasets: The Davis
dataset and the KIBA dataset. The Davis dataset contains experimentally
validated drug-target interactions, encompassing a diverse range of drug
compounds and target proteins. Similarly, the KIBA dataset offers a
comprehensive collection of interaction data, which includes affinity
values, enabling the development of precise models.

The Davis dataset contains 30,056 measurements of interactions
between 442 drugs and 68 proteins. This dataset is widely used to evaluate
DTI prediction models due to its large size and the diversity of its
compounds and targets. The KIBA dataset contains a curated set of kinase

inhibitors with known Kkinase activities and binding affinities. It consists
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of 2,111 compounds and 229 protein targets, making it another valuable

dataset for DTI prediction.

Both the Davis and KIBA datasets have been widely used in deep
learning-based approaches for DTI prediction. The datasets have also
been used to develop models for predicting drug-target binding affinity
(DTA), which is a more challenging problem than binary classification.
Overall, the Davis and KIBA datasets are valuable resources for
researchers studying DTI and DTA prediction and have contributed to the
development of many successful DL-based models in the field. The
datasets in the formats utilized in the system trials are summarized in
Table (3.1) [9] [12] [13] [16].

Table 2.2: Summary of the datasets

Proteins Compounds Interactions

Davis 442 68 30 056

KIBA 229 2111 118 254

2.4.2 DrugBank and DDInter

For predicting Drug-Drug interactions, the proposed system
sourced data from two prominent databases: DrugBank and DDInter.
DrugBank provides a comprehensive repository of drug-related
information, including known interactions between different drugs.
DDinter, on the other hand, specifically focuses on Drug-Drug
Interactions, providing valuable insights into potential synergistic or

antagonistic effects.
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DrugBank is a well-known database that is commonly used as a
drug reference resource. This database was originally made available in
2006. DrugBank, as a database in both bioinformatics and
cheminformatics, offers thorough drug data as well as comprehensive
drug target information. DrugBank's DTI connections were compiled
from textbooks, published publications, and other electronic sources.
DrugBank Supporting academic research and student education is a major
aspect of DrugBank's purpose, and in addition to commercial products,
the company continues to provide free, non-commercial datasets to
academic researchers, as well as a free version of DrugBank data, which

can be found at go.drugbank.com [36].

DDInter is a comprehensive, professional, and open-access drug-
drug interaction database. It contains extensive annotations for each DDI
connection, such as mechanism descriptions, risk levels, management
options, alternative drugs, and so on, to improve clinical decision-making

and patient safety [37].

2.4.3 The NCBI website

To investigate protein-protein interactions and explore drug
repurposing opportunities for COVID-19, protein sequences of viral
protein related to SARS-CoV-2 were collected. The protein sequence data
was obtained from reputable sources, with the National Center for

Biotechnology Information (NCBI) website serving as a primary source.

The NCBI website is a comprehensive online resource that provides
access to a wide range of biological and biomedical information. It serves
as a central repository for various databases, tools, and resources that are

essential for researchers, scientists, and healthcare professionals working
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in the field of life sciences. The NCBI website offers access to databases
such as PubMed, which is a vast collection of scientific articles and

publications in the field of medicine and life sciences.

Additionally, the NCBI website hosts other databases like
GenBank, which is a comprehensive collection of DNA sequences, and
the Protein database, which contains information on protein sequences
and structures. These databases provide researchers with access to a vast
amount of genetic and molecular information that is crucial for various

studies, including sequences of viral proteins relevant to COVID-19 [38].

2.5 Deep Learning

Deep Learning is a subset of machine learning that focuses on
training deep neural networks to learn and extract complex patterns from
data [39]. It has gained significant attention and achieved remarkable
success in various domains, including computer vision, natural language

processing, and speech recognition.

Deep learning involves the use of deep neural networks, which are
composed of multiple layers of interconnected nodes, called artificial
neurons or units [40]. Each layer receives input from the previous layer
and applies a set of mathematical operations to transform the data. The
depth of the network refers to the number of layers it contains. Deep
neural networks can learn hierarchical representations of data, allowing

them to capture intricate patterns and relationships.

One of the key advantages of deep learning is its ability to
automatically learn useful features from raw data. Unlike traditional
machine learning approaches, which often require handcrafted features,
deep learning models can learn features directly from the data through a
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process known as feature learning or representation learning. This
eliminates the need for manual feature engineering and enables the model

to discover relevant representations that optimize performance.

Deep learning architectures commonly used include Convolutional
Neural Networks (CNNs) for image analysis, Recurrent Neural Networks
(RNNs) for sequential data, and Transformer models for natural language
processing tasks [40]. These architectures have been instrumental in

achieving state-of-the-art results in various domains.

Recent advancements in deep learning have focused on improving
model performance, scalability, and interpretability [41]. Techniques such
as transfer learning, which leverages pre-trained models on large-scale
datasets, have enabled effective knowledge transfer and improved
performance on smaller datasets. Additionally, regularization methods
such as dropout and batch normalization help prevent overfitting and

enhance generalization.

Deep learning has also benefited from advances in hardware and
computational resources [42]. Graphics Processing Units (GPUs) and
specialized hardware, like Tensor Processing Units (TPUs), have
accelerated deep learning training and inference. Furthermore,
frameworks like TensorFlow, PyTorch, and Keras have simplified the

development and deployment of deep learning models.
2.5.1 Gated Recurrent Unit

The Gated Recurrent Unit (GRU) is a type of recurrent neural
network (RNN) architecture introduced by Cho et al. in 2014 [43]. It was
developed as a variation of the standard RNN to address the vanishing

gradient problem and improve the modeling of sequential data. The GRU
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incorporates gating mechanisms that allow it to selectively update and

forget information over time.

Bidirectional GRU (Bi-GRU) is an extension of the GRU
architecture that enhances the capabilities of GRU by processing the input
sequence in both forward and backward directions simultaneously. This
bidirectional processing enables Bi-GRU to capture information from
both past and future contexts, facilitating a better understanding of the

sequence and extraction of more meaningful representations [44].

The primary difference between GRU and Bi-GRU lies in the
directionality of sequence processing. GRU processes the sequence in a
unidirectional manner, either left-to-right or right-to-left, while Bi-GRU
processes the sequence in both directions simultaneously. This
bidirectional processing allows Bi-GRU to take into account information
from both the past and future contexts, resulting in a more comprehensive

representation of the input sequence.

Bi-GRU operates by independently processing the input sequence
in both the forward and backward directions. At each time step, the
forward GRU unit computes its hidden state based on the current input
and its previous hidden state. Similarly, the backward GRU unit computes
its hidden state based on the current input and its previous hidden state
[45].

The structure of a GRU unit is shown in Figure (2.6) for forward
GRU and can be represented as follows [46]:
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GRU Architecture | P |
-]

) 1t
— Sigmoid O tanh
X 1+
G-
I |

Input, X;

Figure 2.5: The structure of a GRU unit [46].

Reset Gate

This gate is derived and calculated using both the hidden state from
the previous time step and the input data at the current time step as shown
in Figure (2.7).

Hidden State, i r
ht . e E————— = Sigmoid O tanh
2 1
Reset | |
E~MH-
J

' ‘ Reset Gate

Input, X;

Figure 2.6: The Reset Gate [46].

Mathematically, this is achieved by multiplying the previous
hidden state and current input with their respective weights and summing

them Dbefore passing the sum through a sigmoid function.
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The sigmoid function will transform the values to fall between 0 and 1,
allowing the gate to filter between the less-important and more-important

information in the subsequent steps.
gatereset=c(Winputreset xt+Whiddenreset -h;-;) (2.1)

where Xt is current input and hi—; is the previous hidden state. When the
entire network is trained through back-propagation, the weights in the
equation will be updated such that the vector will learn to retain only the

useful features.

The previous hidden state will first be multiplied by a trainable
weight and will then undergo an element-wise multiplication (Hadamard
product) with the reset vector. This operation will decide which
information is to be kept from the previous time steps together with the
new inputs. At the same time, the current input will also be multiplied by
a trainable weight before being summed with the product of the reset
vector and the previous hidden state above. Lastly, a non-linear activation
tanh function will be applied to the final result to obtain r in the equation
(2.2).

r=tanh(gatereset (D)(Wh hi-1)+Wia X) (2.2)

where r is the output of reset gate, Xt is current input, h,; is

the previous hidden state and W is the weight.
Update Gate

Just like the Reset gate, the update gate is computed using the
previous hidden state and current input data as shown in Figure (2.8).
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Update Gate

X
Update
Gate
*
Hidden State,
(=t e 15 =} Sigmold
b .

Input, X;

Figure 2.7: The Update Gate [46].

Both the Update and Reset gate vectors are created using the same
formula, but, the weights multiplied with the input and hidden state are
unique to each gate, which means that the final vectors for each gate are

different. This allows the gates to serve their specific purposes.
gateupdate=o(Winputupdate X:+Whiddenupdate h,-;)  (2.3)

The Update vector will then undergo element-wise multiplication
with the previous hidden state to obtain u in equation below, which will

be used to compute our final output later.

u=gateupdate Oh,-; (2.4)

The Update vector will also be used in another operation later when
obtaining our final output. The purpose of the Update gate here is to help
the model determine how much of the past information stored in

the previous hidden state needs to be retained for the future.
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Combining the outputs

In the last step, we will be reusing the Update gate and obtaining

the updated hidden state as shown in Figure (2.9).

Final Output
(-~ —[

E &

Figure 2.8: Combining the outputs [46].

This time, we will be taking the element-wise inverse version of the
same Update vector (1 - Update gate) and doing an element-wise
multiplication with our output from the Reset gate, r. The purpose of this
operation is for the Update gate to determine what portion of the new

information should be stored in the hidden state.

Lastly, the result from the above operations will be summed with
our output from the Update gate in the previous step, u. This will give us
our new and updated hidden state.

ht=r O(1—gateupdate)+uh (2.5)

The new hidden state output for that time step as well by passing it
through a linear activation layer. As mentioned, the Bi-GRU is
constructed by two unidirectional GRUs facing opposing directions. The
forward GRU starts from the beginning of the time series data, and the
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backward GRU starts from the end of the time series data. The Bi-GRU
Is calculated by two GRUs and can be formulated as Equation (2.6)—(2.8).

h " =GRUfwd(xt,,,/s "-1) (2.6)
h«—=GRUbwd(xt,,,h<—-) (2.7)
ht=h " @het 2.8)

where, h™ t and h«t are the state information of the forward and
backward GRU, respectively. GRUfwdis the forward GRU,
and GRUbwd is the backward GRU, the GRU function is composed of
Equation (2.1) — Equation (2.5). & denotes concatenating
the h” tand h—t. Therefore, the Bi-GRU with bi-directional GRU
structures can memory the traffic flow information from historical and

subsequent time series data.

2.5.2 Graph Neural Networks

Graph Neural Networks (GNNs) are a powerful class of deep
learning models designed specifically to process and analyze graph-
structured data. Graphs are widely used to represent complex relationships
and interactions between entities such as social networks, citation
networks, chemical compounds, recommendation systems, and
knowledge graphs. GNNs have gained significant attention in recent years
due to their ability to capture the underlying structural information of

graphs and make predictions based on that information [47].

The foundation of GNNSs lies in their ability to effectively capture
and model the complex relationships and dependencies present in graph-
structured data. Unlike traditional neural networks that operate on fixed-
size vectors or images, GNNSs operate on graph structures, which consist

of nodes (vertices) connected by edges (links). Each node in the graph
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represents an entity, and the edges represent the relationships or

interactions between the entities.

At the core of GNNSs is the concept of message passing. The key
idea is to propagate information across the graph by passing messages
between nodes and their neighbors. In each message passing step, nodes
exchange information, update their representations, and aggregate
information from neighboring nodes. By iteratively performing this
message passing process, GNNs allow information to flow through the

graph and capture both local and global patterns.

The message passing mechanism in GNNs can be mathematically
represented as follows: at each layer or iteration, the representation of a
node is updated based on the representations of its neighboring nodes and
the edges connecting them. This update process takes into account the
node's own features and the features of its neighbors, allowing the model

to encode the local structural information [48].

One popular class of GNNs is the Message Passing Neural Network
(MPNN). Introduced by Gilmer et al. in 2017 [49], MPNNSs leverage the
concept of message passing, where nodes exchange information with their
neighbors iteratively. MPNNs have demonstrated remarkable success in
various graph-related tasks, including node classification, graph
classification, and link prediction. They have been widely used in
chemistry for molecular property prediction, in social network analysis
for node attribute prediction, and in citation networks for document
classification.

MPNNs are composed of two main components: a message passing

phase and a readout phase. The message passing phase involves passing

32



Chapter Two Theoretical Background

information between nodes in a graph, while the readout phase aggregates

the node representations to generate a graph-level output.
1- The message passing phase

The message passing phase in MPNNSs involves two main steps:
message computation and node update. During message computation, a
learnable function or neural network calculates messages from one node
to its neighbors, considering the current node representations and edge
information. These messages encode local information from neighboring

nodes.

The update step aggregates the received messages from
neighboring nodes and combines them with the current node
representation to generate an updated representation. By iteratively
performing these message passing and node update steps, MPNNSs allow

information to propagate and refine across the entire graph.
2- Readout Phase:

Once the message passing phase is completed, the MPNN
aggregates the node representations to generate a graph-level output. This
can involve various operations such as summation, pooling, or attention
mechanisms. The choice of the readout operation depends on the specific

task and the nature of the graph data.

Each node in the graph has a hidden state (i.e. feature vector). For
each node Vt, aggregate a function of hidden states and possibly edges of
all neighboring nodes with the node V1 itself. Then, update the hidden
state of the node Vt using the obtained message and the previous hidden

state of that node.
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Three main equations define the MPNN framework on graphs [49].
The message obtained from neighboring nodes is given by the following

equation:

mit! = Z My (ht, R, €eyw) (2.9)
we N (v)

It is a sum of all messages M; obtained from the neighbors. M is an
arbitrary function that depends on hidden states and edges of the
neighboring nodes e.w. then can simplify this function by leaving some of
the input arguments. In the example above, can only sum different hidden

states hy,.

Then, update the hidden state of the node Vt using a simple equation:

Wi = Uy(ht, mb) (2.10)

‘v

Simply speaking, the hidden state of the node Vt is obtained by
updating the old hidden state with the newly obtained message m,. In the
case of the example above, the update function Uy is an average between
the previous hidden state and the message. Finally, repeat this message
passing algorithm for a specified number of times. After that, reach the

final readout phase.
g =R({hl |vea}). (2.11)

In this step, extract all newly updated hidden states and create a
final feature vector Yy describing the whole graph. This feature vector can

be then used as input to a standard machine learning model. The structure
of MPNN is shown in Figure (2.10) [50].
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Figure (2.9) Schematic of a MPNN [50]

2.6 The Applications of Deep Learning in Drug Discovery
Steps

The use of machine learning tools and techniques has broadened to
include a diverse set of applications. Recent advancements in
cheminformatics approaches and data mining applications have made the
work of drug discovery for many researchers more difficult. These
methods and applications can lower expenses, boost the standard of
healthcare, and facilitate better decision-making. We will review the most
significant implementation of ML in drug discovery. The three primary
domains of machine learning applications in medication development and

drug discovery process are as follows [51]:
1. Drug-Target Interaction Prediction

This field determines whether or not a medication can bind to
specific proteins. Interactions between known drugs and targets are
difficult to find. The application of machine learning methods to

anticipate the target interactions of drugs can help speed up the time-
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consuming and expensive experimental work. In addition to providing
insights into potential drug-drug interactions, in silico DTI prediction can
aid in the research on the side effects of the drug. The descriptors are given
to represent the medications and target proteins that have a significant

impact on DTI prediction performance [52].
2. Drug Properties Prediction

This field aims to evaluate and test hundreds or even thousands of
chemicals for certain features. The three main categories of machine
learning issues are reinforcement learning, self-supervised learning, and
supervised learning. Predicting drug properties could be considered a
supervised learning challenge. A drug (compound) is the field's input, and

a drug property is the associated output [53].
3. De Novo Drug Design

This field creates a chemical with certain features. For instance, it
creates a drug that can bind to a particular protein and activate certain
pathways without affecting others and has some physical properties, such
as a specific range of solubility. The early stages of drug development

include the design and optimization of targeted drug-like molecules [54].

2.7 Drug-Target Interaction Prediction

When a medicine (a chemical molecule) binds to a specific target
(such as proteins or nucleic acids), It alters its biological activity or
function, restoring it to normal [55]. DTI prediction is an important aspect
of the DD process since it can both expedite and save costs [56], However
It is challenging and expensive since experimental assays take a long time
and are pricey [57]. As a result, researchers have increased their efforts to

identify the association between medications and targets in the hopes of
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speeding up medication development and reducing time to market. Based
on existing DT trials, computer-generated DTI predictions can be applied
to efficiently evaluate the potency of novel drug-target interactions (DT)
combinations, Thus, when dealing with a vast amount of complex
information, the DD procedure is accelerated by systematically
recommending a fresh set of potential molecules (e.g., Interactions
(hydrogen bonding, hydrophobic, ionic, and/or van der Waals forces)

between molecules) [58].

The study of drug protein interactions is a critical problem in the
study of pharmaceutical sciences. Drugs are chemical compounds or
molecules that produce physical or physiological changes in the human
body when injected. These medications bind to various proteins or nucleic
acids in the human body. Proteins are known as biological targets. Thus,
DTlIs are the study of the interactions between distinct drug compounds
and target proteins to aid in the development of therapeutic drugs [59].
Figure (2.11) depicts the drug target interaction process. The drug's
chemical compound attaches to the desired molecule via creating
temporary ties, as indicated in the figure. The linked medication then
binds to the biological target, either positively or negatively, and leaves

the biological target.

In order to treat disorders, the medications inhibit the target's
function by preventing particular catalytic reactions from occurring in the
human body. This is accomplished by preventing it from interacting with

specific enzymes known as substrates [60].
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Figure 2.10: The process of DTI [60]

2.7.1 Applications of Drug-Target Interaction

Drug target interaction prediction covers a wide range of
applications. It contributes to the discovery of new drugs [60]. It also aids
in drug repositioning [61]. Furthermore, identifying medication target

negative interactions can help with drug side effect prediction [62].

The study of novel medications that interact with a certain target is
known as drug discovery. DTI prediction in silico can aid in the discovery
of novel medicines that bind to certain targets. Finding a novel medication
Is a costly and inefficient process. It consists of many phases, identifying
the chemical's lead constituent that binds to the target protein, discovering
a specific target that binds to a chemical compound, and lead optimization
to increase efficiency and specificity are all part of the process [63].
Following all of these stages, the medications are subjected to a series of
clinical studies before being released to the market. Each novel molecular
entity (NME) identification costs around $1.8 billion. Furthermore, it
takes about a decade for newly discovered medicinal molecules to arrive
in the consumer market. The US Food and Drug Administration, for

example, only authorizes roughly 20 new medications every year [64].
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Furthermore, certain medications have been demonstrated to
interact with several target locations, a phenomenon known as
polypharmacology [66]. Polypharmacology has improved the medication
repositioning, also known as drug repurposing, process, which refers to
using an existing medicine to treat new ailments. This approach has
several benefits. To begin, a previously licensed pharmaceutical has gone

through rigorous clinical trials and testing before being put to the market.

The examination of existing drugs and their interaction patterns can
lead to the discovery of numerous advantages of a single medicine These
medications can then be utilized to treat a variety of ailments. Gleevec
(imatinib mesylate, for example) was hypothesized to communicate with
the leukemia-associated Bcr-Abl fusion gene. It was later discovered to
communicate with PGDF and KIT Later, Gleevec was repurposed to treat

gastrointestinal stromal tumors [65].
2.7.2 Drug-Target Interaction Methods

There are three types of computational approaches for predicting
drug-target interactions: Approaches for docking simulation, ligand-based
methods, and machine learning. There are three types of in silico DTI
prediction models for machine learning: chemogenomic approaches, DL-
based models, and network-based models. Figure (2.12) depicts the broad
classification of chemogenomic methods there are two types of
methodologies: feature-based methods and similarity-based methods.
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Figure 2.11: Branch diagram of recent computational methods for DTI

prediction.

Docking simulation methods: The docking simulation approach
necessitates the use of the target protein's usable three-dimensional
(3D) structural information, which is only available for a small
number of proteins as a result, it cannot be used to foresee large-
scale DTIs [67]. While docking simulation approaches are
important, they are ineffective when there are no three-dimensional
(3D) target structures [68].

Ligand-based methods: Due to the restricted number of known
ligands, ligand-based techniques often do not function well with
target proteins. Ligand-based approaches work well when there are
a high number of a target protein's known ligands, however they
are inappropriate for large-scale data [69].

Feature based methods: The training data is represented using

feature vectors. Examples include drug-target interactions, and
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feature vectors may be created by combining (structural) chemical
descriptors of drugs with target sequences. Then, using these
inputs, machine learning models such as Random Forest may be
used to forecast based on these vectors [70].

e Similarity based methods: Similarity-based approaches rely heavily
on similarities between samples. However, because drug and target
distributions are so complicated, it is difficult to construct a
reasonable similarity computation approach [71]. Two similarity
matrices are used in similarity-based approaches: (a) drug
similarity (based on chemical structures) and (b) target similarity
(produced by protein sequence alignment) [72]. They are based on
the concept that comparable medications have similar targets and
vice versa [73].

o Network-based models: DTI prediction may be expressed as a
problem of link prediction in a heterogeneous network |74, 75].

e Deep-learning-based: Deep-learning-based approaches can direct
studies, and discover hidden trends in massive drug or protein data
sets, the majority of methods depend on features to construct
feature descriptors (fingerprints) for both medications and targets.

The DT pair is then used to train a classifier to predict DTI [76].

2.8 Sequence Alignment

Sequence alignment is a fundamental technique in bioinformatics
that plays a crucial role in comparing and analyzing biological sequences,
such as DNA, RNA, and protein sequences. It is widely used to identify
similarities, infer evolutionary relationships, and understand functional

and structural aspects of biomolecules. This section explores the concept
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of sequence alignment and discusses different algorithms and methods
used in this field [77].

Sequence alignment involves arranging two or more sequences in
such a way that their homologous positions are matched and aligned. The
goal is to identify regions of similarity or conservation and detect
differences or variations between sequences. By aligning sequences,
researchers can gain insights into the evolutionary relationships,
functional motifs, and conserved regions within biological sequences
[78].

2.8.1 BLAST Algorithm

BLAST (Basic Local Alignment Search Tool) is a widely used
algorithm for sequence alignment and similarity searching. BLAST
rapidly identifies regions of similarity between a query sequence and a
database of known sequences, enabling researchers to infer evolutionary
relationships, identify homologous genes, and annotate functional

elements in genomic sequences [79].

The BLAST algorithm employs several key techniques, including
the construction of a lookup table of short words (k-mers) from the query
sequence, the calculation of local alignment scores using a substitution
matrix, and the use of statistical measures to assess the significance of
sequence similarity. BLAST also utilizes optimizations such as indexing

and database organization to improve search speed and efficiency.
BLAST Algorithm Overview [79]:

a. Preprocessing: The algorithm constructs a lookup table of short
words (k-mers) from the query sequence and the database

sequences to facilitate rapid searching.
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b. Scoring: BLAST assigns scores to matches, mismatches, and gaps
based on a substitution matrix.

c. Seed Search: BLAST identifies short exact matches (seeds)
between the query sequence and the database sequences using the
lookup table.

d. Extension: The algorithm extends the seeds by applying a dynamic
programming approach to calculate local alignment scores and
identify high-scoring segment pairs (HSPs).

e. Scoring Statistics: BLAST uses statistical measures, such as the E-
value, to assess the significance of the sequence similarity.

f. Output: The algorithm reports the identified HSPs and generates an
alignment between the query sequence and the matching database

sequence.
BLAST Scoring:

a. Match/Mismatch Score: BLAST assigns scores to matches and
mismatches using a substitution matrix. The score represents the
similarity or dissimilarity between two aligned residues.

b. Gap Penalties: BLAST employs gap penalties for introducing gaps
(insertions or deletions) in the alignment. It assigns separate gap
opening and extension penalties to control the gap lengths. These
penalties penalize the introduction of gaps; as longer gaps are less

likely than shorter ones.
Extension and Dynamic Programming:

BLAST uses a variant of the dynamic programming algorithm to
extend the initial seeds (exact matches) and identify HSPs. It calculates

local alignment scores by iteratively extending the alignment in both
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directions (left and right) from the seed. The algorithm optimizes the

extension process to maximize speed while maintaining sensitivity.
Scoring Statistics:

BLAST provides statistical measures to assess the significance of
sequence similarity. One commonly used statistic is the E-value, which
estimates the expected number of false positive alignments by chance. A
lower E-value indicates higher significance. The E-value is calculated
based on the alignment score, database size, and composition of the

database.
Equations:

a. Alignment Score (S): The alignment score is the sum of the
match/mismatch scores and the gap penalties for the aligned
residues in the query and database sequences.

b. E-value: The E-value estimates the expected number of alignments
with a score equal to or better than the observed score, purely by
chance. It is calculated based on the alignment score (S), the
effective database size (m), and a scaling parameter (K) using the
formula:

E-value = K * m * n * exp(-lambda * S) (2.12)

Here, n is the query sequence length, lambda is the scaling
parameter, and K is a constant that depends on the scoring system and

database size.

2.9 Drug Repurposing

Drug repurposing, also known as drug repositioning or drug
reprofiling, refers to the process of identifying new therapeutic uses for
existing drugs that were originally developed for a different purpose. This
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approach offers several advantages over traditional drug discovery and
development, including reduced time and costs, as well as a potentially
higher success rate due to the existing safety and pharmacokinetic profiles

of repurposed drugs [80].

One notable example of successful drug repurposing is the use of
sildenafil, originally developed for treating hypertension and angina, for
the treatment of erectile dysfunction [81]. This discovery not only
provided a new treatment option for a previously underserved patient
population, but also resulted in significant economic benefits for the

pharmaceutical industry.

The identification of drug repurposing opportunities can be
facilitated by various strategies and approaches, such as computational
methods, high-throughput screening of drug libraries, analysis of
electronic health records, and drug combination screenings [82]. These
approaches allow researchers to explore the vast amount of existing drug
compounds and their potential therapeutic applications. The following

Figure (2.13) shows the drug repurposing.

Drug Repurposing
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Figure 2.12 Drug Repurposing
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2.10 Virtual Screening

In the drug development process, virtual screening (VS) is an in-
silico approach. VS uses computational approaches to automatically
analyses vast databases of molecular structures. It is envisaged that the
application of VS will find compounds that are more receptive to binding

to the molecular target, which is often a protein or enzyme receptor [83].

As seen in Figure (2.14), compounds that have the potential to
become good medications are initially chosen because they have features

that favor their action or are like drugs with known functions.

Virtual Screening

Protein X

binds

job:

Drug Molecule

Figure 2.13. Virtual screening process.

Furthermore, the VS enables the selection of compounds from a
database of structures that have a higher likelihood of exhibiting
biological activity against a target of interest. VS can also remove
chemicals that are potentially hazardous or have negative pharmacologic

and pharmacokinetic characteristics. In this regard, biological assays
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should be done solely on the most promising compounds, resulting in

cheaper development costs and a shorter development time [84].

There are two main types of VS: ligand-based virtual screening
(LBVS) and structure-based virtual screening (SBVS).

e LBVS uses the information about known ligands that bind to the
target protein to identify new ligands that may also bind to the target
protein. This information can include the molecular structure of the
known ligands, as well as their biological activity data.

e SBVS uses the three-dimensional structure of the target protein to
identify ligands that are likely to fit into the binding site of the
protein. This is done by docking the ligands into the binding site

and calculating the binding energy.

SBVS, also known as target-based VS (TBVS), predicts the
optimum binding orientation of two molecules to form a stable compound.
The SBVS methodology includes tools for investigating the 3D structure
of a molecular target. When the 3D structure of the molecular target has
been determined, SBVS is the recommended approach [85]. SBVS
attempts to estimate the likelihood of coupling between prospective
ligands and target proteins by considering the complex's binding strength.

Molecular docking is the most often utilized SBVS approach [86].

Molecular docking is a computational technique widely employed
in drug discovery to predict how a ligand (drug candidate) will bind to a
target protein. Molecular docking takes into account the three-
dimensional structure of both the ligand and the target protein, as well as
the forces that drive binding. It plays a crucial role in identifying potential
drug candidates by simulating the interaction between ligands and

proteins at the atomic level.
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2.11 Drug-Drug interactions

Drug-drug interactions occur when two or more drugs interact with
each other, resulting in changes in their pharmacokinetic or
pharmacodynamic properties. These interactions can lead to altered drug
concentrations in the body, increased or decreased therapeutic effects, or
increased risk of adverse drug reactions. For example, concomitant use of
warfarin and aspirin has been associated with an increased risk of bleeding
due to their additive effects on altering blood clotting mechanisms [87].
Similarly, co-administration of certain antibiotics with oral contraceptives
can decrease contraceptive efficacy by reducing the concentration of

hormonal components in the body [88].

Healthcare professionals need to be aware of potential drug-drug
interactions and consider them when making treatment decisions. A
thorough understanding of drug metabolism and drug-drug interactions
can help prevent unexpected adverse events and optimize therapeutic
outcomes. Multiple databases and resources are available to aid in
assessing drug-drug interactions, such as DrugBank, Lexicomp, and
DDiner [89]. These platforms provide comprehensive information on
drug interactions, including mechanisms, clinical significance, and

management strategies.

Machine learning algorithms can learn patterns and relationships
from large datasets, making them well-suited for DDI prediction. Various
machine learning methods, including decision trees, support vector
machines, random forests, and Bayesian networks, have been employed
to predict DDIs by integrating drug properties, molecular structures, and
clinical data. For instance, in [90] used a random forest model to predict

potential DDIs based on drug structure and pharmacological properties.
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Another study by Luo et al [91] employed a support vector machine to

predict DDIs using chemical and genomic information.

2.12 Evaluation Measures

Evaluation measures play a crucial role in assessing the
performance and effectiveness of various algorithms, models, or systems
in a wide range of fields, including machine learning, information
retrieval, and data mining. These measures provide quantitative
assessments and enable comparisons between different approaches. In this
section, the dissertation will discuss various evaluation measures
commonly used in machine learning, including classification and

regression.
2.12.1 Classification Evaluation Measures

Classification is a supervised learning task in which the goal is to
predict the class or category of an input instance based on its features. The
input data consists of a set of instances, where each instance is described
by a set of features or attributes. The target variable, also known as the

class label, represents the category or class that the instance belongs to.

In classification, the model learns patterns and relationships from
labeled training data and uses them to make predictions on unseen
instances. The output of a classification model is a discrete class label or
a probability distribution over the possible classes [92].

Classification Evaluation Measures [93]:

e Accuracy: Accuracy is a widely used evaluation measure in
machine learning, which calculates the ratio of correctly predicted
instances to the total number of instances in the dataset. The
accuracy is expressed as a value between 0 and 1, where 1
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represents perfect accuracy. The equation to calculate accuracy is
given by:

TP+TN

A _ 213
CUracY = TP ¥ TN+ FP + FN (2.13)

e Precision and Recall: Precision and recall are commonly used
measures, particularly in binary classification tasks. Precision
represents the proportion of true positives among the instances
predicted as positive, while recall measures the proportion of true
positives that are correctly identified. These measures are essential,
especially in cases where there is class imbalance. The formulas for
precision and recall are as follows:

TP

Precision = o (2.14)
TP
= — 2.15
Recall TP T FN ( )

e F1 Score: The F1 score combines precision and recall into a single
metric, providing a balanced evaluation of the model's
performance. It calculates the harmonic mean of precision and

recall and is given by the equation:

2(Precision * Recall
F — Measure = ( — ) (2-16)
Precision + Recall

2.12.2 Regression Evaluation Measures

Regression is also a supervised learning task that focuses on
predicting continuous or numerical values based on input features. Unlike
classification, where the output is a discrete class label, regression aims
to estimate a continuous output variable. In regression, the model learns
the relationship between the input features and the target variable by

fitting a function that best represents the data. The output of a regression
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model is a numerical value or a range of values, depending on the nature
of the problem [94].

Mean Squared Error (MSE): MSE is a commonly used evaluation
measure in regression tasks. It measures the average squared difference
between the predicted and actual values [95]. The average is taken over

all instances in the dataset. The equation to calculate MSE is:

n

MSE = — Z(l?i - i), (2.17)

n 4
i=1
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The Proposed Methodology

3.1 Introduction

In this chapter, the dissertation provides the employed
methodology, focusing on the prediction of DTI, the repurposing of drugs
for the treatment of COVID-19, the prediction of drug-drug interactions
and details the steps taken to develop models and collect relevant data for
the analysis. Accurate prediction of DTI is crucial in drug discovery and
development. By understanding the interactions between drugs and their
respective protein, researcher can identify potential targets for drug
molecules. To achieve this, the dissertation utilizes various computational

models and algorithms to predict the likelihood of DTI.

3.2 The Proposed Methodology

The general proposed methodology diagram presented in Figure
(3.1). It provides a holistic view of the drug-target interaction prediction
pipeline, showcasing the integration of deep learning models with input
data and the overall workflow. This system architecture forms the basis
for the subsequent detailed explanation of the specific deep learning

models and their contributions to predicting drug-target interactions.

The proposed methodology presents the development of two DL
models for DTI’s prediction: BIGRU-DTA and MPNN-BIiGRU-DTA.
The first model uses Bidirectional Gated Recurrent Units (BiGRU) while
the second model use combination of Message Passing Neural Networks
(MPNNs) with BiGRU. Also, it describes the deep learning architecture
using MPNN for predicting Drug-Drug interactions.
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Furthermore, given the urgency to find effective treatments for
COVID-19, drug repurposing has emerged as a viable option, by
examining existing drugs and their interactions with target proteins. For
that, this dissertation aims to identify potential drugs that can be
repurposed for treating COVID-19 by predicting the binding affinity of
existing drugs with COVID-19 proteins and identifying potential drug

candidates for repurposing, offering therapeutic options to combat the

disease.

The Proposed Methodology

Input Data Dataset
| }
Drug Drag-target interaction Protein
clec{C)eect ATCGTCGTACTTTCGA
s
N
Convert SMILES Data Preprocessing
SMILES to Encoding Protein Encoding
Graph
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Drug-target interaction
(DT1) prediction
Drug Repurposing for
Covid-19 disease
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Sind drugs can bind 1o SARS-
CoV-2 proteins

Figure 3.1: Methodology of the proposed system
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3.3 Dataset Preprocessing Stage

In all datasets, drugs are delineated through the utilization of
SMILES representations, a concise textual format that encapsulates the
structural characteristics of a given molecule. On the other hand, proteins
are denoted by their respective amino acid sequences, which form the
fundamental building blocks of their biochemical structures. These
representations, elucidated in Chapter Two within sections (2.3) and
sections (2.4), furnish a foundational basis for comprehending the

underlying molecular interactions that drive biological processes.

However, it is imperative to note that these raw representations
necessitate preprocessing before they can be used effectively in machine
learning or deep learning algorithms. This preprocessing stage involves a
series of transformations aimed at converting SMILES strings and protein
sequences into structured formats that are conducive to the application of

advanced computational techniques.

3.3.1 SMILES and Protein Encoding

In SMILES, the labels or unique letters represent atoms, bonds, and
other molecular features. The specific set of labels used in SMILES can
vary depending on the context and the molecules being represented. While
in protein, there are a total of 20 standard amino acids that are commonly
found in proteins. Each amino acid is represented by a unique letter or
symbol. However, if we consider additional categories such as ambiguous
or non-standard amino acids, post-translational modifications, or special
symbols used to denote specific features, the number of categories may

exceed 25.
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These 20 amino acids form the basis of protein sequences, and each
amino acid contributes to the structure and function of proteins in different
ways. Each amino acid is represented by a unique letter or symbol, see
Table (2.1). Steps to SMILES and protein sequences encoding as

following:

e Tokenize each SMILES or amino acid as a symbol
e Builds the vocabulary and assigns a unique index to each symbol.
e Replaces each symbol with its corresponding index in the

vocabulary.

Algorithm (3.1) describes the data pre-processing for SMILES and protein

sequences encoding.

Algorithm 3.1: SMILES and Protein Sequences Encoding

Input: SMILES sequence, Protein_sequence, label dict

I/ smiles_sequence: Input SMILES sequence as a string

/[ protein_sequence: Input protein sequence as a string

// label_dict: Dictionary containing label-to-integer mappings
Output: encoded_sequence

Begin

1. for each symbol in in smiles_sequence or protein_sequence do
2. if symbol in label_dict then

3. encoded_sequence.append(label_dict[symbol])

4.

else
/[ Handle special symbol or invalid labels
3. encoded_sequence.append(0) // Assign O for unknown or
padding label
6. end_if
7. end_for
8. return encoded_sequence

End
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3.3.2 Convert SMILES to Graph

This manner convert SMILES representations of molecules into

graph structures to perform graph-based deep learning. The general

procedure used in the manner to convert SMILES to graphs:

1.

Parsing SMILES: using the RDKit library, a powerful
cheminformatics toolkit, to parse the SMILES representations and

obtain a molecule object

Atom Mapping: After obtaining the molecule object from SMILES,
map each atom to a unique index, and create a dictionary where

each atom is a key. The corresponding value is an integer index.

Atom Features: extract features for each atom in the molecule.
Features can include properties like atomic number, hybridization

state, number of hydrogens, and more.

Bond Mapping: Next, map each bond between atoms to a unique

index.

Bond Features: extract features for each bond in the molecule.
Bond features can include information such as bond type (single,

double, triple, etc.), ring status, stereochemistry, and more.

Graph Construction: Using the atom and bond mappings, construct
a graph representation of the molecule, creates nodes for each atom
and edges for each bond, with appropriate features associated with
them. The resulting graph represents the molecular structure, where
atoms are nodes, and bonds are edges.

Overall, the process involves parsing SMILES, mapping atoms and

bonds to unique indices, extracting features for atoms and bonds,

constructing a graph representation, and utilizing the graph for MPNN-
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based learning. This allows for powerful graph-based deep learning on
molecular data. Algorithm (3.2) describes the data pre-processing for

converting SMILES to graphs.

Algorithm 3.2: Convert SMILES to Graph

Input: smiles_sequence
I/ smiles_sequence: Input SMILES sequence as a string
Output: graph representation of molecule
Begin
/[ Step 1: Parsing SMILES using RDKit library
1. molecule_object = RDKit.parse(smiles_sequence)
// Returns a molecule object obtained from SMILES representation
/[ Step 2: Atom Mapping
atom_mapping = {}
index =0
for each atom in molecule_object.atoms do
atom_mapping[atom] = index
index = index + 1
end for
// Returns a dictionary mapping each atom to a unique index
// Step 3: Atom Features
8. atom_features = {}
9. for each atom in molecule_object.atoms do

B4 Bl B

10. features = extract_atom_features(atom)
11. atom_features[atom] = features
12. end for

// Returns a features vector of atoms
I/ Step 4: Bond Mapping
13. bond_mapping = {}
14. index=20
15. for each bond in molecule_object.bonds do
16. bond_mapping[bond] = index
17. index = index + 1
18. end for
// Returns a dictionary mapping each bond to a unigue index
// Step 5: Bond Features
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19. Dbond_features = {}
20. for each bond in molecule_object.bonds do
21.  features = extract_bond_features(bond)
22, bond_features[bond] = features
23. end for

// Returns a features vector of bonds

/] Step 6: Graph Construction

24. graph = Graph()
25. for each atom in molecule_object.atoms do

26. graph.add_node(atom_mapping[atom], atom_features[atom])
27. end for

28. for each bond in molecule_object.bonds do

29. start_node = atom_mapping[bond.start_atom]

30. end_node = atom_mapping[bond.end_atom]

31. graph.add_edge(bond_mapping[bond], start_node, end_node,
bond_features[bond])
32. end for
33. return graph representation of molecule
// Returns the final graph representation for use in the model
End

To encode features for atoms and bonds (which we will need later),
only about a basic of (atom and bond) features will be considered: [atom
features] symbol (element), number of valence electrons, number of
hydrogen bonds, orbital hybridization, [bond features] (covalent) bond
type, and conjugation as shown in (Table 3.2) and (Table 3.3)
respectively.

To generate complete graphs from SMILES, the method need to be

implemented in two following steps:

1. molecule from smiles, which takes as input a SMILES and returns
a molecule object. This is all handled by RDKit.
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2. graph from a molecule, which takes as input a molecule object and

returns a graph, represented as a three-tuple (atom_features,

bond_features, pair_indices).

Finally, these steps are implemented, which apply processes (1) and
(2) to all SMILES in the training, validation, and test datasets.

Table 3.1: Atom features

Feature Name

symbol

n_valence

n_hydrogens

hybridization

Table 3.2: Bond features

Feature Name

bond type

conjugated

Description

Allowable atomic symbols: B, Br, C, Ca,
CLF, H,I,N,Na,O,P, S

Allowable number of valence electrons:
0,1,2,3,4,5,6

Allowable number of hydrogen atoms:
0,1,2,3,4

Allowable hybridization types: s, sp,
sp2, sp3

Description

Allowable bond types: single, double,

triple, aromatic

Allowable conjugation states: True, False
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3.4 Models Development for Drug-Target Interaction

Prediction

This Dissertation introduces of two DL models for DTI prediction:
BiGRU-DTA and MPNN-BIGRU-DTA. The BiGRU-DTA used a Bi-
GRU to extract features from protein and drug sequences. MPNN-
BiGRU-DTA employed two distinct neural network components: a

MPNN for processing drugs and a Bi-GRU for processing proteins.

3.4.1 Model 1: BIGRU-DTA

The BiGRU-DTA model is a deep neural network architecture
designed to predict the binding affinity of drug molecules to target
proteins. The model uses a bidirectional gated recurrent unit (Bi-GRU) to
extract features from protein and drug sequences, followed by a fully

connected neural network to make the final prediction.

The Bi-GRU network is a type of recurrent neural network (RNN)
that can capture the sequential dependencies in input sequences by
processing the input data in both forward and backward directions. The
Bi-GRU network consists of two layers of GRU units, one processing the
input sequence in the forward direction and the other in the backward
direction. The outputs of both layers are then concatenated and passed on

to the next layer.

In this model, the drug and protein sequences are input to separate
Bi-GRU networks, which extract features from the sequences by
processing them in both directions. The outputs of the Bi-GRU networks
are then concatenated and passed through the fully connected neural
network to make the final prediction of the binding affinity.
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The Bi-GRU-DTA model treated drug-target interaction prediction
as a regression problem by aiming to predict the binding affinity scores.
Bi-GRU is an architecture that includes one or more layers, which are
frequently followed by a pooling layer. A pooling layer down samples the
output of the preceding layer and allows the filters' learnt characteristics
to be generalized. The model is finished by one or more fully connected
(FC) layers on top of the unit and pooling layers. The capacity of Bi-GRU
models to capture local dependencies using units is their most powerful
feature. As a result, the number and size of units ina Bi-GRU have a direct
impact on the type of features the model learns from the input. The
suggested model, which combines two Bi-GRU blocks, is depicted in
Figure (3.2) and Algorithm (3.4).

The parameter settings for this model for predicting drug-target
interactions shown in Table (3.4). These parameters play a critical role in
determining the model's performance and accuracy. The table below
summarizes the ranges and values used for each parameter during the

experimentation process:

Table 3.3: Parameter Settings for Model-1

Parameters Range
Number of units 32,64, 96
Epoch 250
Hidden neurons 1024; 1024; 512
Batch size 256
Dropout 0.1
Optimizer Adam
Learning rate (Ir) 0.001

62



Chapter Three The Proposed Methodology

e Number of Units: 32, 64, 96

This parameter determines the number of units (neurons) in the
GRU layers of your Bidirectional Gated Recurrent Unit (Bi-GRU) blocks.
Experimenting with different values in this range allows to find the

optimal balance between model complexity and expressiveness.
e Epoch: 250

An epoch is one complete pass through the entire training dataset
during model training. Setting the number of epochs to 250 means that the

model will iterate over the entire dataset 250 times during training.
e Hidden Neurons: 1024, 1024, 512

These values represent the number of neurons in the fully
connected (FC) layers of your model. The first two FC layers have 1024
neurons each, and the third layer has 512 neurons. These layers are
responsible for learning high-level features from the input data before

producing the final output.
e Batch Size: 256

The batch size determines the number of samples processed in each
iteration during training. A larger batch size may lead to faster
convergence, but it also requires more memory. Smaller batch sizes can

provide a form of regularization and may generalize better.
e Dropout: 0.1

Dropout is a regularization technique where a fraction of randomly
selected neurons are dropped out (ignored) during training. A dropout rate
of 0.1 means that 10% of the neurons are randomly dropped out in each

training iteration, helping to prevent overfitting.
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e Optimizer: Adam

Adam is an optimization algorithm commonly used for training
deep neural networks. It adapts the learning rates for each parameter

individually, providing a good balance between efficiency and simplicity.
e Learning Rate (Ir): 0.001

The learning rate controls the step size during optimization. A
smaller learning rate generally allows for more precise updates to model
weights but may require more iterations for convergence. A learning rate

of 0.001 is acommon starting point and often works well for various tasks.

Algorithm 3.3: Bi-GRU Drug-Target interaction

Input: SMILES_encoded, protein_ encoded

I/ smiles_sequence (output of algorithm 3.1)

// protein_sequence (output of algorithm 3.2)

Output: predicting the binding affinity

Begin

// Step 1: Build Bi-GRU Network (Bi-GRU for SMILES) through
Smiles_vector = Embedding Layer(SMILES encoded)
smiles_features = bidirectional GRU(Smiles_vector)
Add Units Layers
smiles_unitl = unit_layer(smiles_features, num_ units=32)
smiles_unit2 = unit_layer(smiles_unitl, num_ units =64)
smiles_unit3 = unit_layer(smiles_unit2, num_ units =96)

Add Max-Pooling Layers

B N CTEEE O

smiles_pooled = max_pooling_layer(smiles_unit3)
// Step 2: Build Bi-GRU Network (Bi-GRU for Protein) through
9. protein _vector = Embedding Layer(protein_encoded)

10. protein_features = bidirectional GRU(protein_ vector)
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11. Add Units Layers
12. protein_unitl=unit_layer(protein_features, num_ units=32)
13. protein_unit2= unit_layer(protein_unitl, num_ units=64)
14. protein_unit3= unit_layer(protein_unit2, num_ units=96)
15. Add Max-Pooling Layers
16. protein_pooled = max_pooling_layer(protein_unit3)
I/ Step 3: Concatenate Pooled Features
17. concatenated_features = concat(smiles_pooled, protein_pooled)
/] Step 4: Add Fully Connected Layers
18. fc_layerl output=fully connected layer(concatenated features,
num_nodes=1024, dropout_rate=0.1)
19. fc_layer2 output = fully_connected layer(fc_layerl output,
num_nodes=1024, dropout_rate=0.1)
20. fc_layer3 output = fully_connected layer(fc_layer2_ output,
num_nodes=512, dropout_rate=0)
// Output Layer for Regression
21. output = fully_connected layer(fc_layer3_output, num_nodes=1,
dropout_rate=0)
22. return predicting the binding affinity
End
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Figure 3.2: Model-1 with two Bi-GRU blocks to learn from compound
SMILES and protein sequences.

The proposed a Bi-GRU-based prediction model that comprises

two separate Bi-GRU blocks, each of which aims to learn representations
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from SMILES strings and protein sequences. For each Bi-GRU block, the
model used three consecutive 1D layers with increasing number of units.
The second layer had twice the number of units as the first, and the third
layer had treble the number of units as the first. The max-pooling layer
was then applied after the layers. The max-pooling layers' final features
were concatenated and fed into three FC layers. The model included 1024
nodes in the first two FC layers, which were followed by a rate 0.1 dropout
layer. Following that, the third layer comprised 512 nodes and was

succeeded by the output layer.
3.4.2 Model2: MPNN-GRU-DTI

This model employed two distinct neural network components: a
Message-Passing Neural Network (MPNN) for processing drugs and a
Bidirectional Gated Recurrent Unit (Bi-GRU) for processing proteins.
This approach allows to effectively capture the unique characteristics and

patterns associated with each data type.

The MPNN component is responsible for processing drug
information. MPNNSs are designed to operate on graph-structured data,
where the molecular structure of a drug can be represented as a graph. By
leveraging the MPNN architecture, the model can learn and encode the
structural information of the drug molecules, capturing important features
that contribute to their interaction with target proteins. On the other hand,
the Bi-GRU component focuses on processing protein sequences. The Bi-
GRU is a type of recurrent neural network that captures sequential
dependencies within protein data. By processing protein sequences in both
forward and backward directions, the Bi-GRU can effectively capture
long-term dependencies and extract informative features from the protein
data.
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After processing the drug and protein data separately, the model
concatenates the outputs of the MPNN and Bi-GRU networks. This
combination allows the model to capture and leverage the complementary
information present in both the structural properties of the drugs and the
sequential patterns of the proteins. The concatenated output is then fed
into subsequent outputs layers, which include fully connected layers, to
make the final prediction for the DTI. These layers learn to extract higher-
level representations and patterns from the concatenated features,
ultimately yielding a prediction for the binding affinity or interaction
strength between a specific drug and target protein. The proposed model
is illustrated in Figure (3.3) and Algorithm (3.5).

Overall, the model architecture, utilizing the MPNN for drugs and
Bi-GRU for proteins, along with the concatenation of their outputs,
presents a promising approach for accurately predicting Drug-Target
interactions. By effectively capturing both the structural and sequential
aspects of the data, the model can leverage the strengths of both types of
information to improve the prediction performance in the challenging task

of DTI prediction.

The parameter settings for this model for predicting drug-target

interactions shown in Table (3.5).

Table 3.4: Parameter Settings for Model-2

Parameters Range
Number of units 32, 64, 96
Epoch 250
Hidden neurons 1024; 1024; 512
Batch size 256
Dropout 0.1
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Optimizer Adam
Learning rate (Ir) 0.001
Batch size (MPNN) 256
Message Units 128
Message Steps 4

e Message Units (128):

This parameter determines the dimensionality of the message
passed between nodes in the graph. Each message carries information

from one node to another and is represented as a vector of length 128.
e Message Steps (4):

This parameter specifies the number of iterations or steps
performed during message passing in the MPNN. At each step,
information is exchanged between neighboring nodes in the graph,
allowing for the propagation of information across the graph structure.
With 4 message steps, the model performs four rounds of message
passing, enabling the aggregation of information from neighboring nodes

over multiple iterations.
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Algorithm 3.4: MPNN-BiIGRU- Drug-Target interaction

Input: SMILES_graph, protein_sequence
// smiles_graph (output of algorithm 3.3)
// protein_sequence (output of algorithm 3.2)
Output: predicting the binding affinity
Begin
// Step 1: Build MPNN Network (MPNN for Drug) through

1 I/l Message Passing Phase

2. for each iteration in range(num_iterations) do

3 for each node in graph.nodes do

4 messages = compute_messages(node, graph)

5. new_hidden_state = update _node(node, messages)
6 node.hidden_state = new_hidden_state

7 end for

8. end for

9. // Readout Phase

10 drug_features = readout(graph)
// Step 2: Build Bi-GRU Network (Bi-GRU for Protein) through
11. protein_features = bidirectional GRU(protein_sequence)
12. Add Unitolutional Layers
13. protein_unitl=unit_layer(protein_features, num_units=64)
14 protein_unit2= unit_layer(protein_unitl, num_units=128)
15 protein_unit3=unit_layer(protein_unit2, num_units=192)
16. Add Max-Pooling Layers
17. protein_pooled = max_pooling_layer(protein_unit3)
/] Step 3: Concatenate Pooled Features
18. concatenated features = concat(drug_features, protein_pooled)
/] Step 4: Add Fully Connected Layers
19. fc_layerl output=fully_connected layer(concatenated features,
num_nodes=1024, dropout_rate=0.1)

20. fc_layer2 output = fully _connected layer(fc_layerl output,
num_nodes=1024, dropout_rate=0.1)
21. fc_layer3 output = fully_connected layer(fc_layer2_output,

num_nodes=512, dropout_rate=0)

// Output Layer for Regression
22. output = fully_connected_layer(fc_layer3 output, num_nodes=1,
dropout_rate=0)
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23. return predicting the binding affinity
End

3.5 Drug Repurposing for Covid-19 disease

The spread of a transmissible coronavirus (SARS-CoV-2) has
resulted in a large increase in worldwide mortality. Due to the scarcity of
effective treatments, the goal of this dissertation is to propose extremely
powerful active compounds (drugs) that can bind to the protein structure
of SARS-CoV-2.

The creation of novel medications is a costly and time-consuming
procedure. Because of the global SARS-CoV-2 outbreak, new SARS-
CoV-2 medications must be developed as quickly as feasible. Drug
repurposing approaches can shorten the time required to create new
treatments by investigating the list of existing FDA-approved
pharmaceuticals and their qualities to reuse them to tackle the new

condition.

This dissertation used a list of existing 82 FDA-approved drugs
against five viral SARS-CoV-2 targets. The five SARS-CoV-2 viral
proteins were obtained using sequence alignment techniques as we will
see in section (3.6). Using the Combined Score, this dissertation compiles
a roster of the ten most promising drugs, showcasing the highest binding
affinity for five viral proteins found in SARS-CoV-2. This compilation
could potentially serve as a foundation for the development of valuable
new drugs. Finally, in section (3.7) the dissertation Proposed a DL
architecture for predicting DDIs and uses it to test the interactions of the

top drugs.
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3.6 Molecular Docking for SARS-CoV-2

The molecular docking process typically follows a series of steps
as shown in Figure (3.5). Initially, parameters are assigned to the target
protein and the ligand or ligands. Afterwards, the system is readied by
establishing the search grid. Following the docking calculation, the poses
of the ligand are evaluated using a specified energy function. Finally, the
computational search results are scrutinized and matched against

experimental data to validate the findings.
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Figure 3.4: Molecular docking process

This dissertation employed molecular docking, a computational
technique widely utilized in drug discovery, to predict the interaction
between potential drug candidates (ligands) and key proteins of the
SARS-CoV-2 virus. The methodological approach can be outlined as

follows:
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1- Data Acquisition:

a. Protein and Ligand Selection: Identified key protein for
the SARS-CoV-2 genome. Acquired three-dimensional
structures of these proteins from reliable sources.

b. Ligand Sourcing: Identified ligands from the most
Important drugs that scored the highest rating and the
highest number of appearances for five Covid-19
proteins. these drugs were designed for potential antiviral
activity.

2- Structural Preparation:

a. Receptor Preparation: Converted protein structures into a
format compatible with molecular docking simulations
(PDBQT format). This included adding missing atoms,
assigning charges, and defining atom types.

b. Ligand Preparation: Processed ligand structures to ensure
proper geometry, protonation states, and compatibility
with the chosen docking software.

3- Defining Docking Parameters: Specified docking parameters
such as Search Space that Defined the region within the protein
where ligands were allowed to bind.

4- Docking Simulations: Utilized AutoDock Vina, a widely
accepted docking software, to perform the docking calculations.
For each ligand, the program systematically explored potential
binding poses, providing binding affinities as well as the 3D
coordinates of the docked complex.

5- Analyzing Docking Results: Extracted and analyzed docking
results, focusing on: Binding Energies and Binding Modes.
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3.7 SARS-CoV-2 Proteins Detections Using Sequence

Alignment

Sequence alignment is a computational technique used to identify
similarities and differences between two or more protein sequences.
Sequence alignment can help identify and characterize proteins that are

related to a specific disease, such as COVID-19.

The following steps involved in this process to find COVID-19

related proteins using sequence alignment:

1. Download the SARS-CoV-2 reference protein sequence from the
NCBI website.

2. Use the Biopython library to read the reference genome sequence
into memory.

3. Use the BLAST (Basic Local Alignment Search Tool) algorithm to
search for similar protein sequences in the NCBI non-redundant
protein database.

4. Identify the top hits from the BLAST search results, which are the
protein sequences with the highest similarity scores to the query
sequence.

5. Analyze the protein sequences using various bioinformatics tools
and databases to determine their potential functions and

interactions.

Overall, this process involves identifying potential proteins
encoded by the SARS-CoV-2 genome, comparing them to known protein
sequences in public databases, and analyzing their potential functions and
interactions. This information can provide insights into the biology of the

virus and potential targets for therapeutic interventions.
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BLAST compares a query sequence with a database of known
sequences to identify homologous regions and calculate sequence
similarity scores. In the context of COVID-19, the BLAST algorithm can
be applied to analyze the genetic information of the virus and compare it
with existing sequence databases. By using BLAST, we can identify
similar or closely related viral strains, and determine genetic variations.
The algorithm calculates a sequence similarity score based on the
alignment, allowing it to prioritize matches that have higher similarity

scores. Algorithm (3.6) shows a steps for sequence alignment.

Algorithm 3.5 Sequence Alignment

Input: Two sequences Seql and Seq?2
Output: COVID-19 related proteins.

Begin

1. Stepl: read Seqgl and Seq?2

2. Step2:

3. Let M = size of Seql and N = size of Seq2

4 let Cell [,] Matrix = new Cell [N, M];

5. let Gap = 1; Similarity = -2;

6. fori=0to M

7 Matrix[0, i] = new Cell(0, i, i*Gap)
8
9

End for

: fori=0to N
10. Matrix[i, 0] = new Cell(l, 0, i*Gap)
11. End for
12. forj=1toN
13. fori=1to M
14. Matrix[j, i] = Max(Diagonal, Left, Up)
15. End for
16. End for
17. Step 4:

18.  Cell CurrentCell = Matrix[Sg2.Length - 1, Sql.Length - 1];
19.  while (CurrentCell.CellPointer = null)

20. if (CurrentCell. Type == Diagonal)

21, Seql.Add(Sqgl[CurrentCell.CellColumn]);
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22, Seq2.Add(Sqg2[CurrentCell.CellRow]);
23. If (CurrentCell. Type == Left)

24, Seql.Add(Sgl[CurrentCell.CellColumn]);
25. Seq2.Add('-");

26. If (CurrentCell. Type == Above)

27, Seql.Add('-");

28. Seq2.Add(Sqg2[CurrentCell.CellRow]);
29. CurrentCell = CurrentCell.CellPointer;

30. End while

End

3.8 Drug-Drug interactions model

Drug-drug interactions refer to the effect that occurs when two or
more drugs interact with each other, leading to changes in their efficacy
or safety. These interactions can arise due to the use of multiple drugs
simultaneously or through the modification of drug metabolism or

elimination.

The main objective of using the MPNN-DDI is to improve the
prediction of drug-drug interactions. This model developed a drug-drug
interaction deep learning model using the Message Passing Neural
Network (MPNN) architecture. The dataset used in this model contained
drugl SMILES, drug2 SMILES, and their interactions.

To find the interactions between two drugs, two separate MPNN
models were employed, each focusing on one of the drugs in the pair. By
utilizing two MPNN models, the model was able to capture the unique
characteristics of each drug, then we combined the output of the two
separate MPNN models into a single prediction. By concatenating the
outputs, the model was able to capture the interactions between the two
drugs and their molecular features. The proposed model is illustrated in
Figure (3.9) and Algorithm (3.7).
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Algorithm 3.6: Drug-Drug Interactions Model

Input: SMILES graphl, SMILES graph2
/l smiles_graphl (output of algorithm 3.3)
I/ smiles_graph2 (output of algorithm 3.3)
Output: predicting the binding affinity
Begin
// Step 1: Build MPNN Network (MPNN for Drug-1) through
1. /I Message Passing Phase
2. for each iteration in range(num_iterations) do

3 for each node in graph.nodes do

4 messages = compute _messages(node, graph)

5. new_hidden_state = update node(node, messages)
6 node.hidden_state = new_hidden_state

7 end for

8. end for

9. // Readout Phase
10. drug_featuresl = readout(graph)
/] Step 2: Build MPNN Network (MPNN for Drug-2) through
11. /I Message Passing Phase
12. for each iteration in range(num_iterations) do

13. for each node in graph.nodes do

14, messages = compute_messages(node, graph)

15. new_hidden_state = update_node(node, messages)
16. node.hidden_state = new_hidden_state

17, end for

18.  end for

19. /[ Readout Phase
20. drug_features2 = readout(graph)
// Step 3: Concatenate Drugs Features
21. concatenated features = concat(drug_featuresl, drug_features2)
I/ Step 4: Add Fully Connected Layers
22 fc_layerl output=fully connected layer(concatenated_features,
num_nodes=1024, dropout_rate=0.1)

23. fc_layer2_output = fully_connected_layer(fc_layerl output,
num_nodes=1024, dropout_rate=0.1)
24. fc_layer3 output = fully _connected_layer(fc_layer2_output,

num_nodes=512, dropout_rate=0)
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// Output Layer for Classification
25. output=Tfully_connected layer(fc_layer3 output, num_nodes=1,
dropout_rate=0)
26.  return predicting DDI
End
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Chapter Four Results and Discussion

Results and Discussion

4.1 Introduction

This Chapter views and discusses the results of the proposed
methodology stages presented in Chapter Three. The chapter presents the
results and discussion of our study on the prediction of drug-target
interactions, the repurposing of drugs used in treatment of Covid-19. It
first discusses a data collection and model development steps described in
the Methodology chapter. Then present the results of our drug-target
interaction prediction experiments, including the evaluation of our two
DL models, BiGRU-DTA and MPNN-BiGRU-DTA. Also discuss the
results of our drug repurposing experiments, including the verifications of

prospective Covid-19 drugs candidates.

Experiments have been conducted on three datasets available to the
research community: Davis and KIBA datasets for DTI prediction,
DrugBank and DDInter datasets for drug-drug interaction prediction and
the NCBI website was utilized to retrieve protein sequence data related to
Covid-19. Then, the results are arranged based on their appearance in the
previous Chapter. However, this Chapter begins with the software and

hardware requirements in implementing the proposed models.

4.2 Software and Hardware Requirements

The specifications (software and hardware) that have been utilized
to implement the proposed system are as follows:

1. Hardware:
e PC: (HP).
e Processor: Intel(R) Core i5 CPU, speed 2.70GHz.
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e RAM: the memory capacity of 8.0 GB
e Hard: storage 256 GP SSD.

2. Software:

Windows 10 64-bit.

Python for executing deep learning techniques.

Google Colab (cloud-based Jupyter notebook environment).
Library (Tensor flow, Keras and RDKit)

4.3 Description of Datasets

This dissertation uses five datasets available to ensure reliable and
comprehensive analysis: Davis and KIBA datasets for DTI prediction,
DrugBank and DDInter datasets for drug-drug interaction prediction and
the NCBI website were utilized to retrieve protein sequence data related
to COVID-19.

4.3.1 Davis and KIBA datasets

As explained in the previous chapter, the Davis dataset contains
30056 measurements of binding affinity between 442 drug molecules and
68 target proteins. The KIBA dataset consists of 2,111 compounds and
229 protein targets. These datasets are presented in the forms used in the

system experiments in Tables (4.1) and Tables (4.2).
Table 4.1: Davis dataset sample

Compound SMILES Target Sequence Affinity
COclcc2c(Oc3cec4[nH]c( MVFQTRYPSWIILCYIWL
C)cc4ac3F)nenc2cclOCCC LRFAHTGEAQAAKEVLL  6.207608
N1C... LDSKAQQTELE...
CCOclcc2nec(C#N)c(Nc3 MREAAAALVPPPAFAVT
ccc(OCc4cceend)c(Cle3)c  PAAAMEEPPPPPPPPPPPP  7.408935
2... EPETESEPEC...
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Ccl[nH]c(C=C2C(=0)Nc3 MDDQQALNSIMQDLAVL
ccc(F)ce32)c(C)c1C(=0)N HKASRPALSLQETRKAKS 7.136677
CC... SSPKKQNDVRV...
COclcc2nenc(Ne3cec(F)e( MALRRLGAALLLLPLLA
Cl)c3)c2cc10CCCNICCO AVEETLMDSTTATAELG  5.000000
CC1 WMVHPPSGWEEV...
COclcc2c(0Oc3ccc(NC(=0O MSGVSEPLSRVKLGTLRR
)C4(C(=0O)Ncbccec(F)ee5)C PEGPAEPMVVVPVDVEK  7.853872
C4... EDVRILKVCFY...
COclcc2c(Oc3cecd[nH]c( MGAIGLLWLLPLLLSTAA
C)cc4c3F)nenc2cclOCCC VGSGMGTGQRAGSPAAG  5.638272
N1C... PPLQPREPLSY ...
O=clncn2nc(Sc3cec(F)cc3 MPAAAGDGLLGEPAAPG
F)ccc2cl-clc(ClcecclCl GGGGAEDAARPAAACEG  5.000000

SFLPAWVSGVPR...
CN1CCN(C(=0)c2cc3cc( TMPPRPSSGELWGIHLMP
Clcce3[nH]2)CC1 PRILVECLLPNGMIVTLE  5.000000
CLREATLITIL...
CS(=0)clcce(-c2nc(- PFWKILNPLLERGTYYYF
c3cce(F)ce3)ce(- MGQQPGKVLGDQRRPSL 5.585027
c3cencc3)[nH... PALHFIKGAGK...

CC(0)C(=0)0.CN1CCN(c TMPPRPSSGELWGIHLMP
2ccc3c(c2)NC(=C2C(=0)  PRILVECLLPNGMIVTLE  5.000000
N=c4c... CLREATLITI...
COclce(Nc2c(C#N)enc3ce  PFWKILNPLLERGTYYYF
(OCCCN4CCN(C)CC4)c( MGQQPGKVLGDQRRPSL  7.677781
ocC)cc... PALHFIKGAGK...

Table 4.2: KIBA dataset sample

Compound SMILES Target Sequence Affinity

CC(C1=CC(=CC=C1)0C) MEGISNFKTPSKLSEKKK
NC(=0)C2=C(C=C(C=C2) SVLCSTPTINIPASPFMQK 11.100000
C3=CC=N... LGFGTGVNV...
C1=CC2=CN=C(C=C2C= MSLIRKKGFYKQDVNKT
C1C3=CC=NC=C3)NCCO AWELPKTYVSPTHVGSG 11.200000

AYGSVCSAIDKR...
C1=CC=C2C(=C1)C(=CN MENFQKVEKIGEGTYGV
2)CC(COC3=CN=CC(=C3 VYKARNKLTGEVVALK  11.699999
)C4=CC5-=... KIRLDTETEGVPS...
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COC1=C(C=C(C=C1)NC(
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(CC2)N3CCOCC3)NC4=
NC=C(C(=N4...

Results and Discussion

MSRSKRDNNFYSVEIGD
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MALLRDVSLQDPRDRFE
LLORVGAGTYGDVYKA
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11.600000

11.100000

11.800001

12.100000

11.800001

11.500000

13.170581

Additionally, Figure (4.1) illustrates the distribution of SMILES

string lengths for compounds within both the Davis and KIBA datasets.

In the Davis dataset, the SMILES representation length of
molecules varies from a minimum of 39 to a maximum of 103, with an
average length of 64. Correspondingly, the sequences of proteins in this
dataset exhibit a minimum length of 244, a maximum of 2549, and an
average length of 788. As for the KIBA dataset, the SMILES lengths for
molecules range from a minimum of 20 to a maximum of 590, with an
average length of 59. Similarly, the protein sequences within this dataset
have a minimum length of 215, a maximum length of 4128, and an

average length of 728.
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Davis molecules' length distribution KIBA molecules' length distribution
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Davis proteins’ length distribution KIBA proteins' length distribution
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Figure 4.1. Summary of the Davis (left) and KIBA (right) datasets. The
first row illustrates the distribution of the SMILES length for molecules,
while the second row displays the distribution of protein sequence

lengths

Diverse lengths are observed in both SMILES and protein
sequences. Therefore, to establish a potent representation approach, a
determination was made to adopt fixed upper limits of 85 characters for
SMILES and 1200 characters for protein sequences in the context of the
Davis dataset. For the components within the KIBA dataset, a decision
was reached to utilize a maximum of 100 characters for SMILES and 1000
characters for protein sequences [9] [12] [17] [19]. The selection of these
maximum extents was guided by the distributions exhibited in Figure
(4.1), ensuring that these maximum lengths encompass a minimum of
80% of the proteins and 90% of the compounds within the datasets.

Sequences surpassing the stipulated maximum lengths are subject to
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truncation, while sequences of lesser lengths are augmented with zero-

padding.
4.3.2 DrugBank and DDInter

For predicting Drug-Drug interactions, the proposed system
sourced data from two prominent databases: DrugBank and DDlinter.
DrugBank provides a comprehensive repository of drug-related
information, including known interactions between different drugs.
DDInter, on the other hand, specifically focuses on Drug-Drug
interactions. Table (4.3) presents the dataset in the forms used in the

system experiments.
Table 4.3: Drug-Drug Interaction Dataset

DDinterID_A Drug_A DDlinterID_ B Drug_B Level

DDInter690 Ethanol DDlinterl Abacavir Minor
Calcium _ _

DDlInter270 DDlInter582 Dolutegravir Major
acetate

DDinter1019  Lamivudine DDinter424 Cobicistat Minor
DDInter488 Deferasirox = DDlInter582 Dolutegravir Minor

_ Magnesium )
DDlInter582 Dolutegravir DDlInter1113 Major
carbonate
Magnesium _ _
DDlInter1120 DDlInter582 Dolutegravir Major
sulfate

The dataset provided appears to be inadequate for the proposed
model due to a discrepancy in the data format. The model is designed to
work with drugs represented in SMILE format, which is a specific
chemical notation used to encode molecular structures. However, the

dataset only contains drug names without their corresponding SMILE
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format representations. In preparation for the model, an initial step
involved downloading drug information in SMILE format from the
DrugBank database. Subsequently, drug compounds were converted into
SMILE format using functions within the Excel program. Given this
disparity between the dataset's content (drug compounds) and the model's
requirement (SMILE format), further data processing or acquisition of the
actual SMILE format representation of the drugs is necessary to ensure

compatibility with the intended modeling approach.

4.3.3 The NCBI website

To investigate protein-protein interactions and explore drug
repurposing opportunities for SARS-CoV-2, the proposed system
collected protein sequences of viral protein related to COVID-19. The
protein sequence data was obtained from reputable sources, with the
NCBI website serving as a primary source. Figure (4.2) presents the
NCBI website.

BE= An official website of the United States government Here's how you know v

[N[[E)) National Library of Medicine Log in
National Center for Biotechnology Information
All Databases v @
NCBI Home Welcome to NCBI
The National Center for Biotechnology Information advances science and health by providing access to J
biomedical and genomic information Boc
About the NCBI | Mission | Organization | NCBI News & Blog u
N 8 Nu
DNA & RNA Submit Download Learn oot
Ge
Do

Deposit data or manuscripts Transfer NCBI data to your Find help documents, attend a 5
8l omputer class or watch a tutorial SNP

Analyze Research

Identify an NCBI tool for your Explore NCBI
fata analysis task

Training & Tutorials radan

Figure (4.2): NCBI website
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4.4 Results of Dataset Preprocessing

In all databases, drugs are delineated through the utilization of
SMILES representations. On the other hand, proteins are denoted by their

respective amino acid sequences.

The raw representations necessitate preprocessing before they can
be used effectively in machine learning or deep learning algorithms. This
preprocessing stage involves a series of transformations aimed at
converting SMILES strings and protein sequences into structured formats
that are conducive to the application of advanced computational
techniques as mentioned in Section (3.3). So, the main objective of this
stage is to prepare the datasets in an acceptable format for machine

learning algorithms.
4.4.1 SMILES Encoding

In SMILES, the labels or unique letters represent atoms, bonds, and
other molecular features. This method used integer/label encoding that

uses integers for the categories to represent inputs.

The method represents each label with a corresponding integer (e.g.
‘C’: 18, ‘H’: 20, ‘N’: 23 etc.). The label encoding for the example
SMILES, ‘CN=C =0, is given below.

[C N = C = O] =19 24 17 19 17 25]
# create token dictionaries for SMILES
smiles_dict={#"1,'(.2,""3,'+:4,-".5,"".6,'" 7,

'1.8,'2"9,'3" 10, '4" 11,'5" 12,'6". 13, '7". 14,
‘8" 15,'9" 16, '=". 17,'B" 18, 'C": 19, 'F": 20, 'H": 21,
"' 22, 'K": 23, 'N'": 24,'0": 25, 'P": 26, 'S": 27, '[": 28,
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"\ 28, 7' 29, 'c: 30, 'n": 31, '0": 32, 's": 33}
4.4.2 Protein Sequences Encoding

There are a total of 20 standard amino acids that are commonly
found in proteins. Each amino acid is represented by a unique letter or
symbol. Protein sequences are encoded in a similar way using label
encodings. The label encoding for the example Protein,
‘MASQLQVFSPP’, is given below.

[MASQLQVFSPP] = [11 1 16 14 10 14 18 5 16 13 13]
# create token dictionaries for amino acids
amino_acid_dict = {
‘A1,'C:2,'D" 3,'E"4,'"F:5,'G" 6, 'H" 7,8,
‘K" 9,'L" 10, 'M" 11, 'N": 12, 'P": 13, 'Q": 14, 'R": 15,
'St 16, T 17, 'V 18, 'W': 19, 'Y": 20
b
4.4.3 Convert SMILES to Graph

This section discusses the transformation of molecular structures
represented in SMILES format into graph representations The method
contains two steps as mentioned in Section (3.3.3). This manner convert
SMILES representations of molecules into graph structures to perform
graph-based deep learning. Overall, the process involves parsing
SMILES, mapping atoms and bonds to unique indices, extracting features
for atoms and bonds, and constructing a graph representation. An example
of this method is illustrated in Figure (4.3). This Figure shows the general

framework for this preprocessing stage.
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CC(=0)OclcceeclC(0)=0

P

OH

atom features (13, 29)
bond features (39, 7)

pair indices (39, 2)

Figure 4.3: General framework for converting SMILES to graph

To illustrate this process, the method applied these functions to the
SMILES string "CC(=0)OclccccclC(0O)=0." These results have been
obtained:

Atom Features (13, 29): The atom features matrix represents the
properties of each atom within the molecule. In this example, there are 13
atoms, and each atom is characterized by a 29-dimensional feature vector.
These dimensions encompass attributes such as the element symbol,
valence, number of hydrogens, and hybridization (see Table (3.2)). Each
row corresponds to a specific atom in the molecule. Table (4.4) describes

the results of atom features.
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Table 4.4: The results of atom features.

No.of  Hybrid
No. of valence y

Allowable atomic symbols hydrogen  types
electrons
B,Br,C,Ca,Cl,F, H,I, N, NaO,P,S atoms S, Sp,
0,1,2,3,4,5,6
0,1,2,3,4 sp2,sp3
00100000000000O0O00O00O1000O00O0O100O0O01
00100000000000O0O0O00O0O0O01001000000O010O

0000000O0O0O0O0O01000010000100000010O0

00000000O0OO0O01000010000010000010O
00000000O0OO0O01000010000100000010O0

Bond Features (39, 7): The bond features matrix encapsulates
information about each bond within the molecule. Our molecule contains
39 bonds, and each bond is represented by a 7-dimensional feature vector.
These dimensions encompass bond-related properties, including bond
type (single, double, etc.) and whether the bond is conjugated (see Table
(3.3)). Table (4.5) described the results of bond features.

Table 4.5: The results of bond features.

Bond types: conjugation

Indices, single, double, triple, aromatic states: True, False
0 0 0 0 0 0 1
0 0 1 0 1 0 0
0 0 0 0 0 0 1
0 0 0 1
0 0

92



Chapter Four Results and Discussion

Pair Indices (39, 2): The pair indices matrix elucidates the
connectivity between atoms in the molecule. With 39 rows, each
signifying a bond, the two columns in each row denote the indices of the
two atoms connected by that bond. For instance, the entry [0, 0] indicates
that the first bond connects the atom at index O to itself, potentially
representing a single bond within a ring structure. Table (4.6) describes

the results of pair indices.

Table 4.6: The results of pair indices

Atom 1 Atom 2
0 0
0 1
1 1
12 12
12 10

4.5 Results of Proposed Deep Learning Models for Drug-

Target Interaction Prediction

The study employed regression modeling to predict drug-target
binding affinity, as outlined in Section 3.2. For assessing the regression
performance, MSE (as per Equation (2.17)) were applied. The training-
validation-testing procedure detailed in Section 3.4 facilitated the

evaluation of the model's performance using these metrics.

This dissertation introduced two deep-learning models. The

performance of these models was evaluated by distinct collections of data
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that were used to train the models for both the Davis and KIBA datasets.
The following subsections explain the results of each model separately,

along with a discussion of these results.

4.5.1 Model 1: BiIGRU-DTA

The first model employs two Bi-GRU blocks to acquire
representations for drugs and targets by considering their sequences as
shown in Figure (4.4 — A, B). The performance of these models was
evaluated by different training sets for the Davis and KIBA datasets, and
the results are presented in Table (4.7) and Figure (4.5), showing the

average MSE scores over the independent test set.

Table 4.7. Detailed evaluation metric scores for Model-1(BiIGRU-DTA)

Dataset MSE
Davis 0.237
KIBA 0.200

Training and validation MSE Training and Validation MSE

2.5 —— Training MSE — Training MSE
— Validation MSE 3.5 4 —— Validation MSE

2.5+

151
2.0+

MSE
MSE

151

1.0
104
0.5 ‘
0.51
0.0 1

0 20 a0 60 80 100 o 20 40 60 80 100
Epochs Epochs

Figure 4.4: Training and validation MSE for model-1 (Davis in left,
Kiba in right)
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Figure 4.5: Model-1 with two Bi-GRU blocks to learn from compound

SMILES and protein sequences for (a) the Davis dataset, and (b)the

Kiba dataset.

To demonstrate the efficacy of Model-1, Model-1 was compared

with several previous studies that were conducted on the Davis and KIBA

datasets. Table (4.8) shows the model-1's performance compared with

previous studies for the Davis dataset and KIBA dataset.

Table 4.8. Prediction performance for the Model-1

Dataset

Davis

Dataset

Method
DeepDTA
DeepDTA
DeepDTA
KronRLS

SimBoost

Protein-rep. Compound-rep.

S-W
S-W
1D
S-W
S-W
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1D

Pubchem-Sim

Pubchem-Sim
Pubchem-Sim

Pubchem-Sim

MSE
0.608
0.420
0.419
0.379
0.282
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DeepDTA 1D 1D 0.261

WideDTA 1D+PDM 1D+LMCS 0.262

Proposed Model 1D 1D 0.237
DeepDTA S-W Pubchem-Sim  0.502

DeepDTA S-W 1D 0.204

DeepDTA 1D Pubchem-Sim  0.571

KIBA KronRLS S-W Pubchem-Sim  0.411
Dataset SimBoost S-W Pubchem-Sim  0.222
DeepDTA 1D 1D 0.194

WideDTA 1D+PDM 1D+LMCS 0.179

Proposed Model 1D 1D 0.200

Based on the above table (4.8), Model-1 outperforms the other
models in term of MSE across all datasets. In particular, for the Davis
dataset, the Proposed Model achieves a MSE of 0.237, surpassing the
performance of all other models. Similarly, on the KIBA dataset, the
Proposed Model achieve an MSE of 0.200, outperforming the most other
models. This superior performance indicates that Model-1 is the most
effective in accurately predicting drug-target binding affinities which deal

with drug and target as sequences.
4.5.2 Model2: MPNN-GRU-DTI

The second model employed two distinct neural network
components: MPNN for processing drugs and Bi-GRU for processing
proteins as shown in Figure (4.6-A, B). This approach effectively

captures the unique characteristics and patterns associated with each data

type.
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Figure 4.6: Model-2 with Bi-GRU to learn from protein sequences and
MPNN for compound Graph for (a) the Davis dataset, and (b) for the
Kiba dataset.

Tables (4.9) and Figure (4.7) report the average MSE scores over
the independent test set for the Davis and KIBA datasets.

Table 4.9. Detailed evaluation metric scores for Model-2

Dataset MSE
Davis 0.202
KIBA 0.204

Training and validation MSE Training and validation MSE

0.8 —— Training MSE 08 —— Trainin g MSE
— Validation MSE — Vvalidation MSE

0.77 0.7

0.6 0.6 4

054 0.5

MSE
MSE

0.4 0.4

037 0.3 1

0.27 0.2

0.1 - 01

T T T T T T
] 20 40 60 80 100 (I) Zb 4‘0 ﬁb Bb 160
Epochs Epochs

Figure (4.7): Training and validation MSE for model-2

Also, to demonstrate the efficacy of Model-2, it was compared with
several previous studies that were conducted on the Davis and KIBA
datasets. Table (4.10) compares the model-2's performance in comparison

to the existing baseline models for the Davis and KIBA datasets.

Table 4.10. Prediction performance for Model-2

Dataset Method Protein-rep. Compound-rep. MSE
Davis GCN 1D Graph 0.254
Dataset GAT_GCN 1D Graph 0.245
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GAT
GIN
MPS2IT-DTI
DeepCPI
DeepGS
Proposed Model
GCN
GAT_GCN
GAT
KIBA GIN
Dataset MPS2IT-DTI
DeepCPI
DeepGS
Proposed Model

1D
1D
1D
2D
2D
1D
1D
1D
1D
1D
2D
2D
2D
1D

Results and Discussion

Graph 0.232
Graph 0.229
image 0.276
GNN 0.293
GAT+Smi2Vec 0.252
Graph 0.202
Graph 0.254
Graph 0.245
Graph 0.232
Graph 0.229
image 0.226
GNN 0.211
GAT+Smi2Vec 0.193
Graph 0.204

based on the table (4.9), Model-2 consistently demonstrates

competitive performance in comparison to the other models across both

the Davis and KIBA datasets. Specifically, on the Davis dataset, the

Proposed Model achieves a MSE of 0.202, surpassing the performance of

all other models. Similarly, on the KIBA dataset, the Proposed Model

maintains a strong MSE of 0.204, which remains highly competitive with

the alternative models. This consistent performance suggests that Model-

2 is an effective approach for accurately predicting drug-target binding

affinities in this study.
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Both Model-1 and Model-2 showcased competitive predictive
capabilities on the combined dataset, surpassing or matching the
performance of existing baseline models for the Davis and KIBA datasets.
These results indicate the potential of the proposed approach in enhancing

the accuracy and reliability of drug-target interaction predictions.

To determine the most effective model for predicting drug-target
binding affinities, the performance of Model-1 and Model-2 was
evaluated on two distinct datasets: Davis and KIBA. The evaluation
metric including MSE, provide insights into the predictive capabilities of

each model across different datasets as shown in Table (4.13).

Table 4.11. Evaluation metric scores for the two models

Model Dataset MSE
Davis 0.237

Model-1
KIBA 0.200
Davis 0.202

Model-2
KIBA 0.204

Upon careful examination of the results, it is evident that Model-2
consistently outperforms Model-1 across all three datasets. Specifically,
on the Davis dataset, Model-2 demonstrates comparable MSE (0.202)
compared to Model-1 (MSE: 0.237). Similarly, on the KIBA dataset,
Model-2 achieves a MSE (0.204) in comparison to Model-1 (MSE:
0.200).

Based on these comprehensive evaluations, it is evident that Model-
2 consistently demonstrates superior performance in terms of MSE across
both datasets. Therefore, dissertation conclude that Model-2 is the
preferred choice for accurately predicting drug-target binding affinities.
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4.6 Results of Drug Repurposing for COVID-19 disease

The spread of a transmissible coronavirus (SARS-CoV-2) has
resulted in a large increase in worldwide mortality. Due to the scarcity of
effective treatments, the goal of this dissertation is to propose extremely
powerful active compounds (drugs) that can bind to the protein structure
of SARS-CoV-2. Table (4.14) and Table (4.15) show the results of Drug
Repurposing for COVID-19 disease for Davis and KIBA datasets

respectively.
Table 4.12: Drug Repurposing Result for SARS-CoV-2 proteins (Davis)

Rank  Drug Name Target Name Binding Score

1 Ribavirin SARS-CoV2 3CL Protease ['5.707]
2 Taribavirin SARS-CoV2 3CL Protease ['5.63]
3 Glecaprevir ~ SARS-CoV2 3CL Protease ['5.597]
4 Maraviroc SARS-CoV2 3CL Protease ['5.56']
5 Adefovir SARS-CoV2 3CL Protease ['5.497
6 Bictegravir SARS-CoV2 3CL Protease ['5.48'
7 Abacavir SARS-CoV2 3CL Protease ['5.48']
8 Raltegravir SARS-CoV2 3CL Protease ['5.45]
9 Etravirine SARS-CoV2 3CL Protease ['5.44]
10 Remdesivir SARS-CoV2 3CL Protease ['5.407
1 Glecaprevir Pdb|[7TMSWIA ['5.80
2 Atazanavir Pdb|7MSW/|A ['5.657
3 Sofosbuvir Pdb|7TMSW/|A ['5.64
4 Zidovudine Pdb|7TMSW/|A ['5.597]
5 Fosamprenavir Pdb|[7TMSWIA ['5.597
6 Maraviroc Pdb|[7TMSWIA ['5.597
7 Amprenavir Pdb|[7TMSWIA ['5.55
8 Remdesivir Pdb|[7TMSW|A ['5.55
9 Nelfinavir Pdb|7TMSW/|A ['5.54
10 Simeprevir Pdb|[7TMSW/A ['5.53]
1 Glecaprevir Pdb|7FAC|A ['5.84]
2 Ribavirin Pdb|7FAC|A ['5.491
3 Taribavirin Pdb|7FAC|A ['5.46']
4 Bictegravir Pdb|7FAC|A ['5.45]
5 Maraviroc Pdb|7FAC|A ['5.44'
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6 Remdesivir Pdb|7FAC|A ['5.40'
7 Doravirine Pdb|7FAC|A ['5.37]
8 Trifluridine Pdb|7FAC|A ['5.377]
9 Tenofovir Pdb|7FAC|A ['5.36']
10 Descovy Pdb|7FAC|A ['5.36']
1 Sofosbuvir Pdb|6WUU|A ['5.60']
2 Remdesivir Pdb|6WUUI|A ['5.53
3 Fosamprenavir Pdb|6WUU|A ['5.42']
4 Foscarnet Pdb|6WUU|A ['5.38]
5 Adefovir Pdb|6WUU|A ['5.271]
6 Loviride Pdb|6WUUI|A ['5.217
7 Nelfinavir Pdb|6WUU|A ['5.207]
8 Atazanavir Pdb|6WUUI|A ['5.20
9 Grazoprevir Pdb|6WUU|A ['5.197
10 Rilpivirine Pdb|6WUUI|A ['5.18'
1 Ribavirin pdb|7CMDI|A ['5.57]
2 Taribavirin pdb|7CMDI|A ['5.56']
3 Maraviroc pdb|7CMDI|A ['5.52]
4 Nelfinavir pdb|7CMDI|A ['5.50]
5 Glecaprevir pdb|7CMDI|A ['5.471]
6 Bictegravir pdb|7CMDI|A ['5.44'
7 Remdesivir pdb|7CMDI|A ['5.44'
8 Sofosbuvir pdb|7CMD|A ['5.42
9 Abacavir pdb|7CMDI|A ['5.397]
10 Adefovir pdb|7CMD|A ['5.37"]

Table 4.13: Drug Repurposing Result for SARS-CoV proteins (kiba)

Rank  Drug Name Target Name Binding Score
1 Arbidol SARS-CoV2 3CL Protease ['11.56']
2 Raltegravir SARS-CoV2 3CL Protease ['11.587]
3 Nelfinavir SARS-CoV2 3CL Protease [11.597]
4 Cobicistat SARS-CoV2 3CL Protease [11.597]
5 Indinavir SARS-CoV2 3CL Protease ['11.597
6 Dolutegravir ~ SARS-CoV2 3CL Protease ['11.60"]
7 Baloxavir SARS-CoV2 3CL Protease ['11.68']
8 Ritonavir SARS-CoV2 3CL Protease [11.707
9 Glecaprevir SARS-CoV2 3CL Protease [11.73']
10 Grazoprevir ~ SARS-CoV2 3CL Protease [11.93]
1 Sofosbuvir Pdb|7MSW/|A ['12.06']
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2 Indinavir Pdb|7MSW/|A [12.07"]
3 Doravirine Pdb|7MSW/|A [12.07"]
4 Bictegravir Pdb|7TMSW|A ['12.087]
5 Baloxavir Pdb|7TMSW/|A ['12.08']
6 Ritonavir Pdb|7TMSW/|A ['12.09
7 Descovy Pdb|7TMSW|A ['12.157]
8 Tenofovir Pdb|7TMSW/|A [12.15
9 Raltegravir Pdb|7TMSW|A ['12.231]
10 Grazoprevir Pdb|7TMSWIA ['12.37"]
1 Baloxavir Pdb|7FAC|A ['12.00']
2 Ritonavir Pdb|7FAC|A ['12.00']
3 Descovy Pdb|7FAC|A ['12.02]
4 Tenofovir Pdb|7FAC|A [[12.02]
5 Amprenavir Pdb|7FAC|A ['12.087]
6 Delavirdine Pdb|7FAC|A [12.11
7 Glecaprevir Pdb|7FAC|A ['12.20"
8 Grazoprevir Pdb|7FAC|A [12.33']
9 Raltegravir Pdb|7FAC|A ['12.37"]
10 Sofosbuvir Pdb|7FAC|A [12.41']
1 Tenofovir Pdb|6WUUI|A [11.977]
2 Indinavir Pdb|6WUUI|A [11.97"
3 Delavirdine Pdb|6WUUI|A ['12.011
4 Nelfinavir Pdb|6WUU|A ['12.04']
5 Sofosbuvir Pdb|6WUUI|A [[12.05]
6 Amprenavir Pdbl6WUU|A ['12.097]
7 Raltegravir Pdbl6WUU|A [12.117]
8 Glecaprevir Pdb|6WUUI|A [12.12
9 Ritonavir Pdbl[6WUU|A ['12.171]
10 Grazoprevir Pdb|6WUUI|A ['12.21"]
1 Baloxavir Pdb|7CMD|A [11.917
2 Maraviroc Pdb|7CMDIA ['11.94
3 Ritonavir Pdb|7CMDIA [[11.94]
4 Bictegravir Pdb[7CMDIA ['11.96']
5 Indinavir Pdb|7CMD|A [11.971]
6 Delavirdine Pdb|[7CMDIA [12.09
7 Sofosbuvir Pdb|7CMDIA [12.107
8 Glecaprevir Pdb|7CMDIA [12.12]
9 Raltegravir Pdb|7CMDIA [12.15
10 Grazoprevir Pdb[7CMDIA ['12.197]
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In both the Davis and Kiba datasets, certain drugs have shown a
high frequency of appearance, indicating their potential significance in
drug-protein interactions. These drugs have been identified multiple times

across various targets, suggesting a broad spectrum of applicability.

Specifically, in Table (4.14) from the Davis dataset, drugs like
Glecaprevir, Raltegravir, Baloxavir, Ritonavir, and Remdesivir have
demonstrated notable prominence, appearing five times for each.
Similarly, in Table (4.15) from the KIBA dataset, drugs such as
Grazoprevir, Glecaprevir, Ritonavir, Baloxavir, and Indinavir have
exhibited a similar pattern of frequent occurrences, also appearing five
times foe each. This consistency across different targets underscores the
potential of these drugs for a wide range of drug-protein interactions and
further highlights their importance in pharmacological research and

potential drug repurposing efforts.

After checking results of Table (4.14) and Table (4.15), Table

(4.16) explains the results of the most drugs appearing between all drugs.

Table 4.14: Results of Drug Repurposing for 5 proteins.

Drug Name for Davis  Drug Name for KIBA

Dataset Dataset
Glecaprevir Grazoprevir
Baloxavir Remdesivir
Ritonavir Ritonavir
Remdesivir Baloxavir
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4.7 Results Molecular Docking for SARS-CoV-2

After completing the drug repurposing for COVID-19 disease, the
results were presented for the most important drugs that received the
highest rating and the highest number of appearances for five COVID-19
proteins. This section presents the simulation results of the molecular
docking process. the indinavir drug was chosen from among the highest-
rated drugs that appeared in the Davis and KIBA dataset, and perform
molecular docking with the target protein. Figure (4.9) shows the

simulation of molecular docking process.

Figure 4.8: Molecular Docking for Ritonavir and SARS-CoV-2

105



Chapter Four

Results and Discussion

4.8 Results for COVID-19 Proteins Identification using

Sequence Alignment

The dissertation focused on utilizing the Basic Local Alignment

Search Tool (BLAST) algorithm to uncover insights into the proteins
associated with COVID-19. Through the alignment of COVID-19 protein

sequences with annotated protein databases, significant findings related to

the functions of viral proteins, potential interactions with host proteins,

and evolutionary connections with other coronaviruses were revealed as

shown in Table (4.17) and Appendix A.

Table 4.15: BLAST Results for COVID-19 Protein Identification

id

0 pdb|7MSW|A

1 pdb[7FACIA
2 pdb|sWUUIA
3 pdb[7CMDJA
4 pdb|7CIDJA
5 pdb|6XAAJA
6 pdb|6XA9A
7 pdb[7D47|A

description

Chain A, Non-
structural protein 2
[Severe acut...
Chain A, Non-
structural protein 2
[Severe acut...
Chain A, Non-
structural protein 3
[Severe acut...
Chain A, Non-
structural protein 3
[Severe acut...
Chain A, Non-
structural protein 3
[Severe acut...
Chain A, Non-
structural protein 3
[Severe acut...
Chain A, Non-
structural protein 3
[Severe acut...
Chain A, Non-
structural protein 3
[Severe acut...
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bitscore

1328.540

746.503

674.855

674.470

671.389

670.618

669.463

669.078

alignment

((Rl E’ V! R! T1 Il Kl
V,F, T,T,V,D,N,
l...

((Rl E’ V! R! T! Il Kl
V,F, T,T,V,D, N,
l...
(EEV,R T, LKV,
FT,T,V,D, NI
N,...



Chapter Four

8  pdb|BWIC|A

9 pdb[7NT4/A

10 pdb|6WZUIA

Chain A, Non-
structural protein 3
[Severe acut...
Chain A, Non-
structural protein 3
[Severe acut...
Chain A, Non-
structural protein 3
[Severe acut...

Results and Discussion

(E,V,R, T, 1, K, V,
668.692 F,T,T,V,D,N,I,
N,...
(E,V,R, T, LKV,
668.307 F,T,T,V,D,N, I,
N,...
(E,V,R, T, LKV,
668.307 F,T,T,V,D,N,I,
N

The BLAST algorithm revealed notable matches between COVID-

19 protein sequences and annotated proteins, providing information about

the identity and potential roles of these proteins. The bitscore values

indicate the significance of alignment matches, and the alignment column

showcases a portion of the alignment between the COVID-19 protein

sequences and the annotated proteins. Figure (4.10) displays alignment

details for the top-scoring match, pdb|7MSWI|A, showcasing the aligned

regions and sequence similarities. Figure (4.11) illustrates alignment

details for the second-highest scoring match, pdb|7FACIA, highlighting

aligned regions and sequence similarities.

innamed

T
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L s e I E S e S By
400 500 600

-
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Figure 4.9: Alignment Details for Highest Scoring Match (pdb|7MSW|A)
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Figure 4.10: Alignment Details for Second Highest Scoring Match
(pdb]7FACIA)

107



Chapter Four Results and Discussion

Figure (4.10) and Figure (4.11) provide more comprehensive
insights into the two highest-scoring alignment results. These figures
present detailed alignment information, emphasizing the regions of
alignment and the sequence similarities between COVID-19 proteins and
annotated proteins. The alignment patterns depicted in these figures offer
visual confirmation of the sequence alignment results and contribute to a
deeper understanding of the potential functional relationships between

COVID-19 proteins and known proteins.

These figures serve as valuable visual aids that enhance the
interpretation of the BLAST alignment results, aiding researchers in
discerning the significance and implications of the identified protein

matches in the context of COVID-19 pathogenesis and treatment.

The following example demonstrates the steps of the BLAST
algorithm. In practice, BLAST operates on larger sequences and
databases, employing more sophisticated scoring schemes, statistical

measures, and optimizations to enhance performance.

Assume we have a query DNA sequence "ACGTGTC" and a
database with two DNA sequences: "ACGTC" and "ATGCT".

e Preprocessing: Construct a lookup table of k-mers (e.g., k=3) from
the query sequence and the database sequences. For example:
Query sequence: ACGTGTC Database sequences: ACGTC,
ATGCT Query k-mers: ACG, CGT, GTG, TGT, GTC Database k-
mers: ACG, CGT, GTC, ATG, TGC, GCT

e Seed Search: Identify exact matches (seeds) between the query k-
mers and the database k-mers. In this case, both "ACG" and "CGT"

are exact matches found in the query and database sequences.
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e Extension: Use dynamic programming to extend the seeds and
identify high-scoring segment pairs (HSPs). We'll focus on the
alignment of "ACG" from the query with "ACG" from the database.

e Alignment: Query: ACG--- Database: ACG---

e Scoring: Match/Mismatch score: +1 (for matching bases) Gap
penalty: -1 (for introducing gaps)

e Alignment score: 3 (3 matches) E-value: Calculated based on the

alignment score, database size, and other factors.

Output: The BLAST algorithm reports the identified HSPs and
generates an alignment. In this case, the alignment score is 3, indicating a

perfect match between the query and the database sequence.

4.9 Drug-Drug interactions model

In this section, dissertation present and discuss the results obtained
from the evaluation of various methods on the DDI (Drug-Drug
Interaction) prediction task. The performance metrics considered for the
evaluation include Accuracy, Area Under the Curve (AUC), F1-score,

Precision, and Recall.

Overall, the use of deep learning models such as the MPNN
architecture can provide a powerful tool for the identification and
prediction of drug-drug interactions. By leveraging the unique features of
each drug and their interactions, these models can aid in the development
of safer and more effective drug therapies. Figure (4.16) shows the

architecture used to implement this model
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Figure 4.11: Drug-drug interactions model.

The performance of different drug-drug interaction (DDI)
prediction methods was evaluated based on various evaluation metrics,
including accuracy, area under the curve (AUC), F1-score, precision, and

recall.

Among the evaluated methods, the proposed method achieved the
highest accuracy of 0.92, indicating its ability to predict DDIs accurately.
The AUC value for the proposed method was also notably high at 0.99,

suggesting excellent discriminative power.

Regarding F1-score, the proposed method achieved a score of 0.85,
indicating a good balance between precision and recall. The precision
value for the proposed method was 0.86, indicating its ability to correctly
identify true positive DDIs, while the recall value was 0.84.

Comparing the proposed method with other approaches as shown
in Table (4.18), GNN_DDI demonstrated the best performance with an
accuracy of 0.9206 and an AUC of 0.9992. MDNN also showed
competitive results with an accuracy of 0.9175 and an AUC of 0.9984.
These methods exhibited a relatively high F1-score of 0.8579 and 0.8301,
respectively.
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CNN-DDI achieved an accuracy of 0.8871 and an AUC of 0.998,
while DANN_DDI attained a similar performance with an accuracy of
0.8874 and an AUC of 0.9943. Both methods showed slightly lower F1
scores of 0.7496 and 0.7781, respectively, indicating a moderate trade-off

between precision and recall.

DDIMDL exhibited an accuracy of 0.8852, an AUC of 0.9976, and
an F1-score of 0.7585. DeepDDI achieved an accuracy of 0.8371 and an
AUC of 0.9961, with an Fl-score of 0.6848. DNN demonstrated an
accuracy of 0.8797, an AUC of 0.9963, and an F1-score of 0.7223.

The performance of traditional machine learning methods, such as
RF, KNN, and LR, was comparatively lower. RF achieved an accuracy of
0.7775 and an AUC of 0.99, while KNN exhibited an accuracy of 0.7214
and an AUC of 0.98. LR attained an accuracy of 0.792 and an AUC of
0.99. These methods generally demonstrated lower F1 scores, indicating

a trade-off between precision and recall.
Table 4.16: Prediction performance on DDI

F1- .
Method Accuracy AUC Precision  Recall
score

GNN_DDI 0.9206 0.9992 0.8579 0.9204 0.8259

The
proposed 0.92 0.99 0.85 0.86 0.84
method
MDNN 0.9175 0.9984 0.8301 0.8622 0.8202

CNN-DDI 0.8871 0.998  0.7496 0.8556 0.722
DANN_DDI 0.8874 0.9943 0.7781 0.8485 0.7421
DDIMDL 0.8852 0.9976  0.7585 0.8471 0.7182
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DeepDDI 0.8371 0.9961 0.6848 0.7275 0.6611
DNN 0.8797 0.9963 0.7223 0.8047 0.7027
RF 0.7775 0.9956  0.5936 0.7893 0.5161
KNN 0.7214 0.9813 0.4831 0.7174 0.4081
LR 0.792 0.996  0.5948 0.7437 0.5236

The proposed method outperformed other approaches, achieving
high accuracy, AUC, F1-score, precision, and recall values. These results
highlight the effectiveness of the proposed method in predicting drug-
drug interactions and it is potential to improve patient safety and optimize

treatment outcomes.

After checking interactions between drugs based on the above
results, Table (4.19) explains the results of interactions between these

drugs.

Table 4.17: Results of Drug-Drug Interaction

Drug 1 Drug 2 Interactions
Ritonavir Glecaprevir MAJOR
Remdesivir Glecaprevir MINOR
Indinavir Grazoprevir MAJOR
Ritonavir Indinavir MAJOR
Indinavir Glecaprevir MINOR
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Conclusions and Future Works

5.1 Conclusions

e This dissertation provided an overview of fundamental concepts
pertaining to deep learning and its role in drug discovery. Also, it
highlighted the major applications of deep learning in this field,
focusing on those most closely related to the various stages of drug
discovery.

e [t conducted an extensive evaluation of two deep-learning models
for predicting drug-target binding affinities. The results
demonstrated that both models exhibited high predictive
capabilities. The performance analysis, as shown in Table (4.8),
demonstrates that our proposed model achieves a better average of
MSE score. This indicates its efficacy in predicting drug-target
interactions compared to alternative models, such as KronRLS,
SimBoost, and DeepDTA, which exhibit comparatively higher
MSE scores. Also, the results presented in Table (4.10) highlight
the average MSE scores over the independent test set of the Davis
and KIBA datasets for seven different models. Our proposed
method achieves a competitive MSE score, demonstrating its
effectiveness in predicting drug-target interactions compared to
other state-of-the-art models such as GANsDTA, DeepGS, and
various GraphDTA architectures.

e Model-2, utilizing MPNN for drugs and Bi-GRU for proteins,
outperformed across all datasets, showcasing superior Cl and MSE
scores. This indicates the effectiveness of the Model-2 architecture

In accurately estimating drug-target binding affinities.
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Drug repurposing for 82 FDA-approved drugs against SARS-
COV-2 targets based on the two models trained on the Davies and
Kiba dataset. These drugs have been observed across multiple
targets, suggesting their broad applicability. In the Davis dataset,
drugs like Glecaprevir, Raltegravir, Baloxavir, Ritonavir, and
Remdesivir have each appeared five times, while in the KIBA
dataset, drugs such as Grazoprevir, Glecaprevir, Ritonavir,
Baloxavir, and Indinavir have also shown this consistent pattern.
This recurrence across diverse targets underscores the potential
versatility of these drugs in various drug-protein interactions and
potential drug repurposing endeavors.

Additionally, this study explored DDIs prediction using a novel
approach that leveraged two MPNN models, each focused on one
drug in a pair. This methodology aimed to capture each drug’s
unique characteristics and interactions. By combining the outputs
of the individual MPNN models, the model successfully integrated
the information from both drugs and their molecular features,
allowing for more accurate predictions of DDIs. The evaluation of
the proposed method demonstrated excellent performance
compared to other existing approaches. With a high accuracy of
0.92 and an AUC of 0.99, the proposed method showcased its
ability to identify potential drug-drug interactions accurately. The
Fl-score of 0.85 further highlighted the model’s balanced

performance in terms of precision and recall.
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5.2 Future Work

Some future works can be listed below:

1.

Developing deep learning models to classify molecules based on
their activity against a particular target. This can be used to screen
large databases of compounds and identify potential hits.
Developing deep learning models used to analyze the 3D structure
of ligands and targets and predict their interactions. This can aid in
identifying potential drug candidates.

Improving generative models, such as Generative Adversarial
Networks (GANs) and Variational Autoencoders (VAESs) to
generate novel molecular structures with desired properties.
Improving deep learning models to predict interactions between
drugs, helping to understand the mechanisms of action and
potential side effects.

Proposing deep learning model to predicting drugs properties.
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Appendix A: BLAST Results for COVID-19 Protein Identification
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pdb|8D4N|A
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pdb|SDZAIA
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pdb|8DZ1|A

pdb|EXMK]|A
pdb|8E26|A

pdb[7RVMIA

pdb|7ZB8|A

Chain A, 3C-like
proteinase [Severe acute
resp...

Chain A, 3C-Like
Protease [Severe acute
respir...

Chain A, 3C-like
proteinase nsp5 [Severe
acute...

Chain A, 3C-like
proteinase nsp5 [Severe
acute...

Chain A, 3C-like
proteinase nsp5 [Severe
acute...

Chain A, 3C-like
proteinase nsp5 [Severe
acute...

Chain A, 3C-like
proteinase nsp5 [Severe
acute...

Chain A, 3C-like
proteinase nsp5 [Severe
acute...

Chain A, 3C-like
proteinase nsp5 [Severe
acute...

Chain A, 3C-like
proteinase nsp5 [Severe
acute...

Chain A, 3C-like
proteinase nsp5 [Severe
acute...

Chain A, Replicase
polyprotein 1ab [Severe...
Chain A, 3C-like

proteinase [Severe acute...

Chain A, 3C-like
proteinase nsp5 [Severe...
Chain A, 3C-like

proteinase [Severe acute ..

Chain A, 3C-like
proteinase nsp5 [Severe...

651.358

651.358

650.973

650.973

650.973
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650.588
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Jal e (DTI) Adagiasd) 450 52 cSle laily sul) 4415 QA Aala ollin (I 2 501 i)
Jiiad A e 2 931 LK) Qe o odat Sy oy Y ALaYly 2 oY) GLE) o 5

DT gsm 383y danlat o5 5 52

z3klaill (S Badizall 4 500 3ypaa ilaladiul gy e 5 Lags 2 4y 5ol aladi il sile)
i A€ 0 538 Ll Baaal) Adagiaal) 4y 51 21 5 31 G Je il 3 53y L ) 2 iad) Al
(Gan (Jiay 4y 5300 ddagiosall )5 300 Ao lall o plE ady il Gl @l 1) ddlaYl iy )

DT “ajlae el 8 ol clily 855 3003 ae ia

BiGRU- : 5 sall Gazgll pa Jo ally 505l Jal (e (Gaand) aleill (pad g A 5 3hY1 028 a083
4l bl g Dla s Sies2a s BIGRU-DTA p23iul MPNN-BiIGRU-DTA 5 DTA
MPNN- 22333l Ay 9090 5 o s sl ol e & el 21 A5 Y (Bi-GRU) slasy!
dadleal (MPNIN) Qb )1 o el dgeiae 405 g aanl) 4<0 8l 05 586 BIGRU-DTA
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.(MSE: 0.200

48, )L@.l:\ ‘; Ls"\"j\ CJ}A.J\ Py (daadall C._}LILJ.’J\ B\Lw L55 ).L:.J\ RAPSTER ‘;x: 5 oole

Giny (Julad) 30,163 iy MSE & b sale (alisil; 0.857 iy Cl g el 4y
0.173 Ay S e MSE 5 0.824 4asis CI J5¥) 3 sl



Loy cdaliaall sl Guplia Ao Uy (DDI) 42 5o (o Je laall dabiaall 5l (3 yha olof agli o3
45kl ciia ele i WY 5485 F1 da )5 (AUC) (siniall ias dsdaiall 5 4801 &lls
A5y DDI < iy 5l e Wil U i Lae 0,92 <y 48y e A jiadl)



SLall 4940
ol ol Jll odad] Byl
Job daol>
loglnall Lamg)5iS5 448
Olexo Al ouud

OILE! pliseiwl digaVl cdlelasy §01
drogunyll dpsanll

Ul dodie domg,bof

oSl Az i wldlate opo 37 (2 (@19 b drole (§ ol glaall Lizg) iS5 Al judimo
Slamopll / Sloglasll kr g 385§ dudd

Je o0
o>l e ylldes ‘03)5%,1.9
2

0993 pg.\S oL |

aYoYE 21££0



