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Abstract

Virtual screening techniques have emerged as computational methods for efficient
chemical compound screening in the traditional drug production process. Ligand-
based virtual screening (LBVS) has been successful in capturing biological similarity
between test compounds and known target ligands, but existing methods often fall
short when dealing with structurally heterogeneous molecules. Deep learning models
and Siamese networks have been employed in similarity models to address this chal-
lenge.

This study aims to enhance the performance of similarity searching, specifically in
the presence of structurally heterogeneous molecules, by integrating an attention mech-
anism into the Siamese network architecture. The inclusion of attention enhances the
network’s ability to capture important relationships and dependencies within the data.
The proposed architecture incorporates multiple similarities distance layers to improve
the measurement of similarity between molecules. Moreover, additional layers are in-
troduced after the fusion layer in select models to enhance retrieval recall. To enhance
their effectiveness the proposed architecture utilizes deep learning techniques includ-
ing LSTM, CNN1D, and CNN2D. Through thorough testing on real-world datasets, we

evaluated our approach’s performance against existing methods.

The results of the experiments demonstrate the superiority of the proposed Siamese
network architecture with the attention mechanism over existing methods in terms of

similarity searching, particularly in the context of structurally heterogeneous molecules.

Keywords : Traditional drug production, virtual screening, Siamese network, at-
tention mechanism, deep learning, structurally heterogeneous molecules, similarity
searching.
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Résumé

Les techniques de criblage virtuel sont apparues comme des méthodes informa-
tiques permettant un criblage efficace des composés chimiques dans le cadre du proces-
sus traditionnel de production de médicaments. Le criblage virtuel basé sur les ligands
(LBVS) a réussi a saisir la similarité biologique entre les composés testés et les ligands
cibles connus, mais les méthodes existantes sont souvent insuffisantes lorsqu’il s’agit
de molécules structurellement hétérogenes. Les modeles d’apprentissage profond et
les réseaux Siamese ont été utilisés dans les modeles de similarité pour relever ce défi.

Cette étude vise a améliorer les performances de la recherche de similarité, en parti-
culier en présence de molécules structurellement hétérogenes, en intégrant un mécan-
isme d’attention dans I’architecture du réseau Siamese. L'intégration d"un mécanisme
d’attention améliore la capacité du réseau a capturer les relations et dépendances im-
portantes dans les données. L'architecture proposée integre plusieurs couches de dis-
tance de similarité afin d’améliorer la mesure de la similarité entre les molécules. En
outre, des couches supplémentaires sont introduites apres la couche de fusion dans cer-
tains modeles afin d’améliorer le rappel de la recherche. Pour améliorer son efficacité,
l'architecture proposée utilise des techniques d’apprentissage en profondeur, notam-
ment LSTM, CNN1D et CNN2D. Grace a des tests approfondis sur des ensembles de
données réels, nous avons évalué les performances de notre approche par rapport aux
méthodes existantes.

Les résultats des expériences démontrent la supériorité de 1'architecture de réseau
Siamese proposée avec le mécanisme d’attention par rapport aux méthodes existantes
en termes de recherche de similarité, en particulier dans le contexte de molécules struc-

turellement hétérogenes.

Mots clés : Production de médicaments traditionnels, criblage virtuel, réseau siamese,
mécanisme d’attention, apprentissage profond,molécules structurellement hétérogene,
recherche de similarités.
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Chapter 1

Introduction

1.1 Overview

Drug development is a complex process that results in the production of new drugs.
In the course of research and development of the drug, a biomolecular target is chosen,
and high-performance screening studies are run to find the bioactive chemicals needed
to achieve the desired outcomes. The creation of high-performing research testing is
both costly and time-consuming. In this procedure, specialized labs with chemical and
biological libraries are used [4]. In truth, the chances of success are slim; approximately
1 out of every 5000 drug candidates is expected to be accepted and widely used at some
point. On the other hand, the improved computing power made it possible to screen
several millions of chemical compounds affordably and quickly. Virtual screening (VS)
is a computer-based method used in the discovery of pharmaceuticals to identify the
structures most likely to bind to a therapeutic target, frequently a protein receptor or

enzyme. This technique was used to accelerate the development of drugs.

Structure-based virtual screening (SBVS) and ligand-based virtual screening are
the two main divisions of virtual screening (LBVS). The SBVS entails docking a tiny
molecule into a protein’s active site and assessing the resultant complex to predict the
binding affinity of the chemical to the protein. On the other hand, the LBVS entails
defining the salient characteristics of known active ligands, such as their size, shape,
and electrostatic characteristics, and utilizing them to search a database of chemicals

for substances with comparable qualities that are likely to bind to the target protein.

Modern deep learning (DL) approaches have recently been introduced in various
domains, and they have advanced in recent years, providing researchers with new op-
portunities. The fast development of DL algorithms and the improvement of high-
performance computing methodologies both contribute to the success of DL approaches.

Moreover, the generalization errors of DL approaches are lower, enabling them to ob-
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Chapter 1. Introduction

tain satisfactory results on specific benchmarks or competitive tests and to predict molec-
ular attributes with greater accuracy. Deep learning methods may also be used to au-
tomatically find features from input data. In addition, Siamese networks have several
uses, including text matching, face recognition, and picture identification. When there
is a dearth of data or a small number of classes, they are very helpful. Siamese net-
works are often used for signature verification because they can be trained to tell if two
signatures belong to the same person or not. Another instance is picture recognition,
where the network may be trained to determine if two photographs of the same item

are the same despite variations in lighting, angle, and other elements.

Many databases include data on various facets of biologically active substances.
While some databases contain classes of molecules with structurally homogeneous ac-
tive elements, such as the MDL Drug Data Report (MDDR DS2) data set, and other
databases contain classes of molecules with structural heterogeneity, such as MDDR
DS3 and Maximum Unbiased Validation (MUYV)), it is challenging to use simple statis-
tical tools due to the enormous amount of information stored and complex data samples
of molecules with structural heterogeneity.

In this study, the Siamese deep learning model will be enhanced by the use of atten-
tion layers for feature extraction and transmission to distance layers, which will then be
combined by a fusion layer. Combining these layers makes sense in order to improve
molecular similarity assessments, especially when employing several descriptors.

1.2 Problem Background

The discovery and optimization of bioactive compounds that can interact with a
particular biomolecular target to elicit therapeutic effects are key steps in the difficult
and expensive process of drug development. Finding compounds with comparable
structural properties that can bind to the same target and have biological properties to
those of known active ligands is a crucial component of drug creation. This is necessary
to increase the number of prospective medication candidates and the likelihood that a

drug development project will be successful.

However, due to the enormous quantity of chemicals in chemical databases, the
complexity of molecule structure, and the limits of current drug design methodolo-
gies, it might be difficult to find these related molecules. Common techniques for drug
design, such as those based on ligands and structures, have their own set of drawbacks

and might not necessarily result in the identification of the best therapeutic candidates.

In order to overcome these challenges, there is a growing interest in developing
novel computational tools that can accelerate medication development and improve the

2



Chapter 1. Introduction

accuracy of detecting related chemicals. Particularly deep learning technologies have
the potential to completely change drug design by allowing scientists to study huge and
complex datasets and make more accurate predictions about chemical interactions and
characteristics. Deep learning algorithms have shown promising outcomes in a variety

of domains.

The necessity for a novel approach that can use deep learning techniques to increase
the accuracy of identifying structurally related compounds and quickening the drug
development process is thus the issue that my capstone project intends to solve. In par-
ticular, we will create a Siamese deep learning model with attention and distance layers
to improve molecular similarity measures and make it easier to find novel medication

candidates.

1.3 Problem Statement

The process of identifying related compounds in drug design encounters notable
challenges, as current methods exhibit limitations in accurately and efficiently recog-
nizing compounds with potential therapeutic value. This deficiency hampers the drug
discovery process, resulting in significant time and resource inefficiencies, as well as
a heightened risk of failures during drug development. Addressing this critical issue
is of paramount importance to reduce time, and enhance the precision, and efficacy
of compound identification. Novel strategies are urgently required to overcome these
challenges, enabling more accurate, efficient, and time-effective identification of related
compounds in drug design. By tackling this problem, researchers can potentially opti-
mize the drug discovery process, reduce costs, and improve the success rate of devel-

oping new drugs.

1.4 Research Questions

1. Is there evidence of the utilization of Siamese neural networks in molecular sim-
ilarity assessment, and what is the performance and evaluation of this model in
the context of molecular similarity? Furthermore, how does the Siamese neural
network model?

2. How does the Siamese neural network attention-based deep learning model en-
hance the accuracy and efficiency of identifying similar molecules in ligand-based

virtual screening compared to traditional methods?

3. What is the impact of incorporating Siamese neural network attention mecha-

3
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nisms on the duration and cost of drug development in ligand-based virtual screen-

ing? How does it contribute to streamlining the drug discovery process?

4. How does the performance of the Siamese attention model compare to other state-
of-the-art deep learning models in identifying related compounds in drug discov-
ery? What are the strengths and limitations of the Siamese attention model in this

context?

5. How can the Siamese attention model be adapted and modified to handle molecules
with structural heterogeneity in drug design? What approaches can be employed
to improve its effectiveness in dealing with diverse molecular structures?

6. What are the practical implications of implementing the Siamese attention model
in real-world drug design scenarios? How does the model function when applied
to complex and challenging drug discovery problems, and what are the potential
benefits and challenges?
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1.5 Research Objectives

The research objectives of this study are focused on advancing the field of drug de-
sign through the application of ligand-based virtual screening and deep learning tech-
niques. The primary objective is to develop a novel Siamese network attention-based
deep learning model specifically designed to identify similar molecules. By incorpo-
rating attention mechanisms, this model aims to enhance the accuracy and efficiency

of virtual screening in drug design.

Another important objective is to evaluate the performance of the proposed Siamese
attention-based model against existing ligand-based virtual screening methods using
benchmark datasets. This comparative analysis will provide insights into the effective-

ness and potential advantages of the proposed model, highlighting its contributions to
the field.

In addition, the research aims to compare the efficiency and scalability of the pro-
posed model with other state-of-the-art methods for large-scale virtual screening. This
evaluation will consider computational efficiency and scalability factors, providing valu-
able insights for practical implementation and utilization of the proposed model in real-

world scenarios.

Overall, this study aims to make significant contributions to the field of drug design
by advancing the capabilities of ligand-based virtual screening through the develop-
ment of a novel Siamese network attention-based deep learning model. Through com-
prehensive evaluations, investigations into molecular descriptors and attention mech-
anisms, and comparisons with existing methods, this research strives to enhance the
accuracy, efficiency, and scalability of virtual screening approaches, ultimately facili-
tating the discovery of novel drugs.

1.6 Research Scoop

The primary scope of this research is to develop and evaluate a pioneering Siamese
neural network attention-based deep learning model for the identification of similar
molecules in the domain of drug design through ligand-based virtual screening. By
leveraging the power of deep learning and attention mechanisms, the model aims to
enhance the accuracy and efficiency of identifying potential lead compounds with de-
sirable molecular properties. To accomplish this objective, the study will rely on a com-
prehensive set of data sources, primarily drawn from the MDDR (Molecular Drug Data
Report) datasets. These datasets, which contain a diverse range of chemical compounds

and their associated biological activities, provide a robust foundation for training and
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evaluating the proposed model for identifying similarities of molecular in the domain
of drug design using DL including data preprocessing model development and perfor-

mance evaluation.

The core focus of this study lies in the development of the Siamese neural network
attention-based deep learning model. This involves designing and training a neural net-
work architecture that effectively captures the inherent similarities and patterns within
the molecular structures, where The attention mechanism plays a pivotal role in guid-
ing the model focus on the most relevant features and interactions, leading to more

accurate predictions.

The final phase of the research entails the rigorous evaluation of the proposed model’s
performance. This evaluation will involve conducting extensive experiments and com-
paring the results against existing ligand-based virtual screening methods, benchmark
datasets, and relevant performance metrics. The objective is to provide a comprehen-
sive assessment of the model’s effectiveness, highlighting its potential advantages and

limitations in identifying similar molecules for drug design.

1.7 Document Organization

The thesis is organized into several chapters, each focusing on specific aspects of

the application of deep learning in drug design.

Chapter 1 serves as the introduction, providing an overview of the research topic
and presenting the problem background that motivates the study. The problem state-
ment is clearly defined, highlighting the need for new strategies to enhance the preci-
sion of detecting related compounds in drug design. Additionally, research questions
are posed to guide the investigation, and research objectives are outlined to direct the

study’s focus.

Chapter 2 explores deep learning. It begins with an introduction to deep learning,
including the concepts of artificial intelligence (Al), machine learning (ML), and deep
learning (DL). Attention mechanisms, an essential component of deep learning, are
introduced, discussing their functionality, types, and applications. The chapter also

explores the utilization of Siamese neural networks.

Moving forward, Chapter 3 delves into computer-aided drug design, offering a
comprehensive exploration of its definition and the field of chemoinformatics. Var-
ious molecular representation techniques are discussed, including string representa-
tion, molecular fingerprints, molecular descriptors, graph-based representations, and
3D molecular representations. The chapter also covers the measurement of molecular

similarity, detailing the structure representation, weighting schemes, and similarity co-
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efficients, and provides an overview of virtual screening, focusing on both ligand-based

and structure-based approaches.

Chapter 4 presents the research methodology employed in the study. It introduces
the research framework and describes the dataset used for experimentation. The chap-
ter further elaborates on the design and steps involved, including dataset processing,
input compound representation, construction of deep convolutional neural network
(DCNN) models, and the design architecture of the proposed Siamese attention and
fusion layers models. Performance evaluation measures and the procedure for sim-
ilarity search in ligand-based virtual screening are also discussed, ensuring a robust

evaluation process.

Finally, Chapter 5 presents the results and discussions. It provides details about the
development environment, including the programming language (Python), Python
features, and relevant modules used for implementation. The evaluation of the pro-
posed models is presented, followed by the results of ligand-based virtual screening
using different datasets. The chapter aims to analyze and interpret the outcomes of
the experiments, shedding light on the effectiveness and performance of the developed

models.

By following this organizational structure, the thesis progresses systematically, cov-
ering key aspects of deep learning in drug design. Each chapter contributes to the
overall understanding of the topic, addressing the research questions and objectives
set forth in Chapter 1.



Computer-Aided Drug Design



Chapter 2

Computer-Aided Drug Design

2.1 Introduction

Computer-aided drug design has revolutionized the landscape of pharmaceutical
research, offering a systematic and efficient approach to the discovery and optimization
of therapeutic agents. By leveraging computational algorithms and informatics tools,
this discipline enables the exploration of vast chemical space, accelerating the identifi-
cation of promising drug candidates. In this chapter, we provide a concise overview of
the fundamental principles and methodologies employed in computer-aided drug de-
sign. We discuss the role of chemoinformatics in molecular representation and analysis,
highlight the significance of molecular similarity measurements, and explore the appli-
cations of virtual screening. Through this academic exploration, we aim to provide a
solid foundation for understanding the integral role of computer-aided drug design in

modern drug discovery endeavors.

2.2 Definition

Computer-aided drug design (CADD) is a technique that relies on computational
methods to create and find novel drugs. This strategy utilizes diverse software tools and
algorithms to examine and simulate the actions of molecules and their interactions with
particular proteins or receptors. Drugs that are in use or through clinical trials today
have benefited greatly from the adoption of CADD methods. Predicting whether and
how strongly a given chemical will attach to a target is the objective of drug design. The
two kinds of CADD techniques are ligand-based and structure-based drug discovery
(see Figure 2.1).

Ligand-based drug discovery involves the use of known ligands to design new com-
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Figure 2.1: Computer-aided drug designing types and subtypes [32].

pounds with similar structures and properties. This approach is useful when the struc-
ture of the target protein is unknown|[55]. Ligand-based methods include pharma-
cophore modeling, quantitative structure-activity relationship (QSAR), and artificial
intelligence (AI) [55]. Structure-based drug discovery involves the use of the three-
dimensional structure of the target protein to design new compounds that bind to it.
This approach is useful when the structure of the target protein is known. Structure-

based methods include molecular docking and molecular dynamic simulation|[55].

Various procedures are utilized in CADD, such as molecular docking, molecular
dynamics simulations, QSAR modeling, and virtual screening [8]. Molecular docking
forecasts the binding manner of a small molecule drug candidate to a protein target,
while molecular dynamics simulations use molecular mechanics calculations to simu-
late the behavior of the protein-ligand complex over time. QSAR modeling predicts a
compound’s activity based on its chemical configuration, and virtual screening is uti-

lized to screen enormous databases of compounds to identify promising drug candi-
dates [96].

CADD has become an increasingly significant tool in drug discovery and has led to
the discovery of numerous successful drugs including drugs for COVID-19[55]. Fur-
thermore, it has reduced the time and expenses connected with conventional drug dis-
covery methods. Nonetheless, CADD cannot replace experimental methods, and the

development of a new drug still demands extensive experimental validation.
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2.3 Chemoinformatics

Cheminformatics is the use of computational approaches to chemical issues, with
a focus on structural information manipulation. Is a relatively young field of informa-
tion technology that focuses on chemical data gathering, storage, analysis, and manip-
ulation. Chemical data of interest often comprise formulas, structures, characteristics,
spectra, and activities for tiny molecules (biological or industrial). this field began as
a tool to aid in drug discovery and development; nevertheless, it is now playing an in-
creasingly essential role in many fields of biology, chemistry, and biochemistry. Chem-
informatics can also be used to analyze data for industries such as paper & pulp, dyes,

and other similar applications (See Figure 2.2) [85].

In practice, the search for a novel molecule begins with a list of current molecules.
Cheminformatics approaches are utilized to filter these lists, resulting in a subset of
compounds that are tested experimentally against the biological target via high-throughput
screening. Hit molecules are molecules that bind to the target. The filtering process
identifies leads and, from these, a candidate for preclinical development from the list
of hits. Cheminformatics is occasionally confused with bioinformatics, possibly due to

its close relationship with medicinal chemistry [76].
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Figure 2.2: Applications Of Cheminformatics [100].
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2.4 Molecular Representation

In chemoinformatics and in general, the molecule is represented as a structure di-
agram with bonds and atoms. Recently, computers aided humans in discovering new
drugs, but the way we understand the format of molecules is different from humans.
This is the reason for describing the molecule in a way that is readable by computers, so
the molecular descriptors such as 1D, 2D, 3D, and fingerprints all of these descriptors

make algorithms use the molecule.

Molecular representation in Al involves mapping the atoms and bonds that make
up a molecule into sets of nodes and edges, which is known as the molecular graph rep-
resentation [34]. There are different approaches presented in Figure 2.3 to representing
molecules in a way that is machine-readable: as a string, with a connection table, as a
group of features, or with a representation that a computer has learned via machine
learning [107][87]. The chemical identity of a molecular entity is encoded by molec-
ular representations, which are often referred to as descriptors or feature vectors [87].
In the context of Al and ML in chemistry, SMILES has several limitations, and SELFIES
is a more robust and less limited alternative [65]. Different ways of representing the
structure of a molecule include molecular formulas, structural formulas, ball-and-stick
models, and perspective drawings.

In this part, we describe multiple representations of molecules, such as SMILES,

fingerprints, InChl, and the Molecular Graph.

[ c1vc=ccpin+i(o)=0)=crc=1) |
= SMILES

Bag of bonds

Molecular

Representations

Figure 2.3: Molecular representation in cheminformatics [62].

11



Chapter 2. Computer-Aided Drug Design

2.4.1 String representation

String molecular representation is a common tool used to represent molecular graphs
in cheminformatics and AI/ML in chemistry[65]. The most popular molecular string
representation is SMILES, which has been used since the late 1980s [65].

SMILES strings are made up of ASCII letters and use a set of rules to encode a
molecule’s structural information, such as atom types, bond types, and stereochem-
istry. Water (C8H803), for example, has eight carbon and 3 oxygen atoms and no
explicit hydrogens, hence its SMILES string is "COC1 = C(C' = CC(= C1)C = 0)0”
as explained on Figure 2.4 and Table 2.1.

HrLS (Vanillind

O
~ |/'-LH

O=Cclccc(0O)c(OC)cl

Figure 2.4: structure and string representation (SMILES) of vanillin [6].

Another string molecular representation is InChl (International Chemical Identifier),
which is a unique identifier for chemical substances that encodes both structural and
non-structural information about the molecule. InChl strings use a hierarchical struc-
ture to represent the different levels of structural detail. Other examples of string
molecular representations include the MOL (Molecule) format, which encodes 2D and
3D coordinates of atoms and bonds, and SMARTS (SMILES Arbitrary Target Specifica-
tion), which is a pattern language used for substructure searching in molecules.

Recently, a new molecular string representation called SELFIES has been developed,
which is more robust and has fewer limitations than SMILES[65][27]. SELFIES is a
fragment-based molecular string representation that builds on top of the chemical ro-
bustness guarantees of SMILES[27]. Other types of molecular representations include

molecular fingerprints, sequence-based representations, and graph-based representa-
tions [39].
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The Table 2.1 presented formulas, smiles, and structures of different molecules such

as caffeine, Aspirin, Acetaminophen, Vanillin, Melatonin, and Nicotine.

Molecule Formula SMILES Structure
S N/
Caffeine C8H10N402 CN1C=NC2=C1C(=0)N(C(=0)N2C)C Py | />
|
Aspirin C9H804  CC(=0)0OC1=CC=CC=C1C(=0)0 YWE

Acetaminophen ~ C8HINO2 CC(=0)NC1=CC=C(C=C1)O <>

Vanillin C8HS803 COC1=C(C=CC(=C1)C=0)O Q
|

Melatonin C13H16N202 cC(=0)NCCC1=CNC2=C1C=C(C=C2)0C /ﬁé

i
[
Nicotine C10H14N2 CN1CCCC1C2=CN=CC=C2 f\

Table 2.1: Different Molecular Representations.

2.4.2 Molecular Fingerprints

Fingerprint molecular representation is a method used in computational chemistry

and cheminformatics to encode the structural and chemical properties of a molecule
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into a series of binary values, also known as "bits”. Fingerprint representations are
commonly used to compare and search for molecules with similar properties or struc-
tures. Molecular fingerprints are classified into three types: atom-pair fingerprinting,
topological fingerprints, and MACCS keys. They all, however, use the same notion of
assigning a unique binary value to specific molecular properties. Some examples of

frequent fingerprint representations are:

Circular fingerprints

These, also known as Morgan fingerprints, are created by running a cyclic algo-
rithm that takes into account the atom and bond environment of each atom in the
molecule. The output is a binary vector that represents the presence or absence of spe-
cific molecular substructures, which is shown in Figure 2.5.

OH
!
HO— P —0

MH

/

1 0 1 0 1 1 0 0

Figure 2.5: Circular patterns encoded as fingerprints [26].

MACCS keys

These are structural keys that are based on previously specified structural frag-
ments. Figure 2.6 showed that each fragment is given a distinct binary value, and the
presence or absence of these fragments in the molecule results in the generation of a

binary vector.
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[ofofafofofofajo]ofa]

Figure 2.6: Representing Maccs Keys Structure [24].

Extended-connectivity fingerprints (ECFP)

Extended-Connectivity Fingerprints (ECFPs) are a specific form of molecular fin-
gerprints that are meticulously crafted to encompass crucial molecular attributes per-
tinent to molecular activity. Widely acclaimed as one of the top choices for similarity
searches in the realm of drug discovery, ECFPs find extensive utility across diverse
applications with remarkable efficacy (Rogers & Hahn, 2010) [90].

ECFP Generation Process

The generation of ECFP features for a molecule involves a series of four steps. These

steps are as follows:

o Step 1 - Initial Stage
In the first step, each atom in the molecule is assigned a unique integer identifier
using a hashing process that combines properties such as atomic numbers and
atomic mass. Initially, the atom identifier only represents the atom itself and its
attached bonds.

o Step 2 - Update Stage
Moving to the next step, each atom gathers its identifier and the identifiers of its
neighboring atoms into an array. A hash function described in Figure 2.7, is then
applied to compress this array into a new, single-integer identifier. This step aims
to capture the atom’s neighborhood, as its behavior is influenced by the surround-
ing atom types. This updating process is iteratively repeated, allowing the identi-
tier to incorporate information about the atom’s neighbors, neighbors’ neighbors,

and so on. The number of iterations can be determined by the user.

15



Chapter 2. Computer-Aided Drug Design
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Figure 2.7: ECFP generation process [102].

e Step 3 - Removing duplicate structures
In the third stage, duplicate features are eliminated from the generated feature

list. This step ensures that each unique feature is represented only once.

o Step 4 - Forming the bit array
Finally, after calculating identifiers for the specified number of iterations, the last
step involves converting these identifiers into a bit array as showed on Figure 2.8,
The number of elements (bits) in a fingerprint is n, where n varies depending on
the type of fingerprint and is between 16 and 1024, The performance of down-

stream predictions may vary depending on fingerprint size [116].

Identifier list representation:

—1266712900 -1216914295 78421366 -887929888 -276894788 -744082560 —7980984'f —690148606 1191819827

16877 5@:3 1844215264 :524574(:)8"";1",3’:‘6197,4, 7036474688
2 N ¢ = '

1979958858 7—11047(4513,,77

Hash function

Fixed- Iength blnaryjepresenﬁt o , ] . N\
N K —
01000000001000001100001000110000000001010000000000000000000000001 0101001000000000010D000000000

Bit collisions

Figure 2.8: Generation of the fixed-length bit string [102].

2.4.3 Molecular descriptors

Molecular descriptors are numerical or symbolic representations of chemical com-
pounds that capture their physicochemical, structural, and biological properties [75].

These descriptors are employed in computational chemistry, virtual screening, and
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cheminformatics to forecast the characteristics of novel compounds and find prospec-

tive therapeutic candidates [75].

Molecular descriptors must meet certain criteria to be useful, such as being invariant
to atom labeling and numbering, being defined by an unambiguous algorithm, and hav-
ing well-defined applicability on molecular structures [75]. These descriptors can be
classified into different types based on the properties they encode, such as 1D descrip-
tors, 2D descriptors, 3D descriptors, and quantum chemical descriptors (Figure 2.9).

\]/

X
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Figure 2.9: Descriptor classes [53].

1D descriptors

Which include bulk properties and physicochemical parameters such as molecular weight

and polar surface area [69].

2D descriptors

Two-dimensional (2-D) descriptors are based on the chemical graph theory and pro-
vide a method for describing chemical structures, allowing for the computational pro-

cessing of molecules in a data set [69].

These descriptors are calculated using the 2D structure of a molecule, which in-

cludes atom types, bond types, and connectivity. Examples of 2D descriptors include
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molecular weight, number of atoms, number of bonds, and topological indices such as

the Wiener index and the Randic index.

3D descriptors

Three-dimensional (3-D) descriptors are used to characterize the form, size, and orien-
tation of molecules and are based on the geometrical features of molecules [103]. These
descriptors are computed using a molecule’s 3D structure, which contains information

on the position and orientation of atoms in space.

4D descriptors

The 4D descriptors are also called “grid-based descriptors”. These descriptions add a
fourth dimension on top of the molecular geometry. The interactions of the molecule(s)
with the active site(s) of a receptor or the molecule(s)” various conformational states
are typically characterized by this new dimension. CoMFA and GRID are two typical
4D descriptors [96]. The 4D descriptors have the advantage of offering more infor-
mation than the other descriptors and always being able to produce varied values for
molecules with various structural characteristics. Due to their greater complexity, the
4D descriptors, like the 3D descriptors, are difficult to obtain.

24.4 Graph-based representations

A series of techniques known as graph-based molecular representations are used
in computational chemistry and cheminformatics to represent the structure and char-
acteristics of molecules as graphs. In graph-based chemical representations, atoms in a
molecule are represented as nodes, and bonds between atoms are represented as edges
connecting the nodes. Molecular graphs offer more detailed information for learning
molecular representations than SMILES, which represent molecules as a string of lines.
With the use of Molecular Representation Learning (MRL), molecules are encoded as
numerical vectors while maintaining their chemical properties and structures, allowing

for the execution of tasks that come later, including property prediction.

Graph-based molecular representation techniques have achieved considerable progress,
especially in deep molecular graph learning-based methods. These techniques are sys-
tematically categorized into four strategies and are used in various chemical applica-
tions [54]. Overall, molecular graph-based representations are an important tool in
cheminformatics for representing molecules in a way that can be understood by com-
puters and used in machine learning models|54].
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Another type of graph-based molecular representation is the fragment-based graph,
as shown in the Figure 2.10 a molecule as a collection of joined pieces. The connectivity
between fragments is depicted in this form by edges joining the respective subgraphs

for each fragment of the molecule.

In general, graph-based molecular representations are helpful for virtual screening,
lead optimization, and molecular similarity analysis, among many other chemistry and
bioinformatics applications. They can also be utilized as input for machine learning
algorithms for predictive modeling as well as to compare and search for compounds

based on their structural and chemical characteristics.
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Figure 2.10: Caffeine graph representation [43].

2.4.5 3D Molecular Representations

Molecular representations are used to describe the structure and properties of molecules.
A molecule can be represented in 2D or 3D. In the 2D representation, a molecule is
viewed as a graph with nodes representing atoms and edges representing chemical
bonds connecting the atoms. In the 3D representation, the molecule is represented by a
3D conformation with 3-dimensional coordinates of all atoms, as shown in Figure 2.11.

Deep learning methods are used for molecular representation and property pre-
diction. Graph neural networks (GNN) are message-passing neural networks that are
useful for predicting molecular properties[27]. The features of a node in a molecu-
lar graph are represented by xv, and the features of an edge (u, v) are represented by
xuv[27].

Recent studies have used large-scale unlabeled molecules in a self-supervised method-
ology to pre-train the molecular representation [27]. In addition, new 3D representa-
tions are proving valuable for finding optimal ligands for a given chemical system [107].

Molecular chirality, a type of stereochemistry, modifies the collection of 3D conform-
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ers that are available to the molecule without altering the connectivity of its 2D graph.
An SE(3)-an invariant model that handles torsion angles of a 3D molecular conformer
has been developed to enable representation learning on molecules with known stere-

ochemistry [71].

To summarize, 3D molecular representations are valuable in many fields of chem-
istry and bioinformatics, including molecular modeling, drug design, and protein-ligand
docking. They may be used to see and examine the structure and characteristics of
molecules in three dimensions, providing vital insights into their biological and chem-

ical activities.
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Figure 2.11: 3D Molecular Model of Caffeine [14].

2.5 Molecular similarity measurement

Molecular similarity measurement is a cheminformatics concept that involves an-
alyzing the structural and/or functional characteristics of two or more molecules to
determine their level of similarity. This technique is employed in drug discovery and
design to identify potential medications that are similar in structure to existing drugs
and may produce similar pharmacological effects. These metrics, which are also known
as similarity coefficients or indices, transfer compatible molecular representation pair-
ings with the same mathematical form into real values that typically, but not always,

lie on the unit interval[74]. Similarity measures are used to evaluate the similarity or
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dissimilarity of small molecules[74].

There are many types of molecular similarity measures, each with its strengths and
limitations[74][109]. Three components make up a similarity measure: a structural
representation, a weighting strategy, and a similarity coefficient[109]. The structure
representation can be 1D, 2D, or 3D, and the weighting scheme can be binary, integer,
or real-valued[109]. The similarity coefficient can be based on the Tanimoto coefficient,
Euclidean distance, or other mathematical formulas[74][109][15].

Molecular fingerprint-based similarity includes turning the chemical structure into
a set of binary bits that can be used to compare the molecules to one another to see how
similar they are. This technique is commonly utilized in machine learning- and virtual

screening-based approaches to drug development.

2D structural similarity includes comparing the atom types and connections of molecules
in their 2D structures, whereas 3D structural similarity compares the shape, electro-
static potential, and other physical characteristics of molecules in their 3D conforma-

tions.

Pharmacophore-based similarity includes contrasting the properties of pharmacophores,
the functional groups that give compounds their biological activity. This technique is
very helpful for locating substances with comparable mechanisms of action.

Overall, molecular similarity measurement is a key technique in drug discovery and
design, allowing researchers to identify potential drug candidates with similar struc-
tural and/or functional properties to known drugs, It can speed up the process of de-

veloping new drugs and save time.

2.5.1 The structure representation

The representation of molecular structures plays a crucial role in translating com-
plex chemical information into numerical or mathematical forms, facilitating the mea-
surement of molecular similarity. Standardization of molecular structures is imper-
ative due to the inherent challenges involved in comparing and interpreting diverse
chemical compositions. Various types of structure representations, such as molecular
fingerprints, molecular descriptors, graph-based representations, and molecular em-
beddings, are employed based on the specific application and relevant properties of in-
terest. Selecting an appropriate structural representation is pivotal for obtaining accu-
rate and meaningful results in molecular similarity assessment. Molecular fingerprints,
one widely used representation method, encode molecular structure information into
binary or bit-string formats, capturing key structural features and patterns [12]. Molec-

ular descriptors, another common representation approach, utilize numerical descrip-
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tors derived from molecular properties, aiding in quantitative comparison and classifi-
cation of chemical compounds [104]. Graph-based representations, on the other hand,
leverage graph theory to model the connectivity and spatial arrangement of atoms
and bonds within molecules, enabling efficient analysis of molecular structure [46].
Furthermore, molecular embeddings have emerged as a powerful representation tech-
nique, employing deep learning algorithms to embed molecules into low-dimensional

vector spaces, enabling effective similarity measurements and downstream tasks [37].

The selection of an appropriate structural representation is a critical step that di-
rectly impacts the accuracy and reliability of molecular similarity assessment. By choos-
ing a suitable representation method tailored to the specific application and desired
properties, researchers can enhance the understanding and comparison of molecular
structures, advancing the development of various chemical and pharmaceutical appli-

cations.

2.5.2 The weighting scheme

The concept of a weighting scheme plays a vital role in determining the relative
importance of different molecular properties when assessing the similarity between
two molecules. By assigning weights to specific chemical traits during similarity cal-
culations, particular features can be emphasized to enhance the accuracy of molecular
comparisons. Computerized representations of molecules enable the extraction of var-
ious statistical data, which can serve as the foundation for designing effective fragment
weighting schemes. These schemes often assign higher weights to fragments that are
frequently present within a molecule, frequently occur within small molecules, or even

fragments that are relatively less common across a given dataset.

One approach to constructing a feature weighting method is to utilize statistical data
derived from computational representations of molecules. Several types of statistical

data can be employed, including;:

(a) Feature Frequency (ff): This measure quantifies the frequency of occurrence
of a particular feature within a compound. Features that occur more frequently are
assigned higher weights compared to those that occur less frequently [36].

(b) Inverse Compound Frequency (icf): This measure evaluates the overall fre-
quency of a feature across a collection of compounds. Less frequent features are given
greater weight than more commonly occurring ones across the entire dataset of molecules
[28].

(c) Compound Size or Compound Length: Also known as the number of distinct

features assigned to a compound, this property captures the size or complexity of a
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molecule. Features present in smaller compounds are assigned greater weight com-

pared to identical features present in larger compounds [80].

By incorporating these statistical measures into a weighting scheme, researchers
can effectively capture the significance of different molecular properties, enabling more

accurate and meaningful assessments of molecular similarity.

2.5.3 Similarity coefficient

The degree of similarity between two chemical compounds or molecules is calcu-
lated using similarity coefficients, which are mathematical formulas. They are also re-
ferred to as similarity measures, similarity indices, or distance measures. The role of
similarity coefficients is vital in many areas of chemoinformatics, such as synthesis de-
sign, similarity searching, virtual screening, molecular diversity analysis, and property

prediction [15].

There are different types of similarity coefficients used in chemoinformatics re-
search, including Tanimoto, Dice, Cosine, and Euclidean distance, among others [17].
These similarity coefficients are mathematical functions that convert two compatible
molecular representations of the same mathematical form into pairs of real values, often
on the unitinterval [74]. The Tanimoto similarity coefficient states that if two molecules
are identical, their distance is zero and their similarity score is one. Yet, the similarity
score decreases as the distance between two distinct molecules rises, eventually reach-
ing zero. of course, distance and similarity coefficients are both used to measure the
similarity between two chemical compounds or molecules, but they represent different

concepts.

The term ”distance measurements” refers to the mathematically computed physical
distance between any two molecules in space. When comparing the structural differ-
ences of molecules, distance measures are used, and the lesser the distance value, the
more similar the molecules are thought to be. The Euclidean distance and the Manhat-

tan distance are two examples of distance measurements applied in chemoinformatics.

On the other hand, The term ”“Similarity coefficients” refers to mathematical func-
tions that compare the similarity between two molecules based on their attributes, such
as their chemical properties, molecular structure, and fingerprints. They are also known
as similarity measures or similarity indices. Typically, similarity coefficients are stated
as a number between 0 and 1, where a value of 1 denotes complete identity between
two molecules and a value of 0 denotes complete dissimilarity. Examples of similar-
ity coefficients used in chemoinformatics include the Tanimoto coefficient and the Dice

coefficient illustrated in the following Table 2.2 and Figure 2.12.
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A C B

Features in mol A Features in mol B

Features common in

molecules A & B

Figure 2.12: Relationship between molecules A & B features [69].

Similarity /Distance Coefficient Formula
Tanimoto (Jaccard) Coefficient o = ﬁ
Dice Coefficient S =2%
Cosine Coefficient S = %
Euclidean Distance D=+vA+B-2C

Hamming (Manhattan or city-block) Distance D = A+ B —2C

Table 2.2: Common Similarity/Distance Measures in Chemical Informatics [69].

The Table 2.2 above presents a distinction between similarity and distance metrics.
The first three metrics (Tanimoto, Dice, and Cosine coefficients) are used to measure
similarity (S4p) and determine the similarity between two molecules. On the other
hand, the remaining metrics ( Euclidean, and Hamming ) are utilized as distance or
dissimilarity metrics (D 4p) to quantify the dissimilarity between molecules.

To convert dissimilarity metrics into similarity measures, a straightforward approach
can be employed. For dissimilarity metrics with a range of values from 0 to 1, the simi-
larity score (S4p) between two molecules can be calculated by subtracting the dissim-
ilarity score from unity:

Sap=1—Dayp (2.1)

In the case where a distance metric has a value greater than 1 the dissimilarity score

24



Chapter 2. Computer-Aided Drug Design

can be converted to a similarity score using the following equation:[105]:

1

= 2.2
14 Dap (22)

San
According to this equation, when two molecules are identical to one another, their dis-
tance (Dap) is zero and their similarity score (Sap) is 1. Conversely, as the (Dap)
value increases (indicating dissimilarity between molecules), the S4 score approaches
0. This equation provides a way to transform distance metrics into similarity scores, fa-

cilitating the comparison and interpretation of molecular dissimilarities.

2.6 Virtual screening

Virtual screening is a computational technique used in drug discovery to identify
potential drug candidates with desired biological activity. The procedure entails using
computer tools to scan enormous chemical libraries for compounds that are likely to
bind to a target protein and modify its activity. There are two main types of virtual
screening methods: ligand-based virtual screening (LBVS) and structure-based virtual
screening (SBVS) (See Figure 2.13). LBVS involves comparing the chemical proper-
ties of known active compounds to identify similar compounds in a chemical database,
while SBVS involves docking potential ligands to the three-dimensional structure of a
protein target and evaluating the binding energy of the complex.

this procedure enables researchers to quickly find prospective drug candidates from
enormous chemical libraries, saving time and resources in the drug development pro-
cess. It has grown to be a key tool in drug discovery. It is crucial to keep in mind
that virtual screening is only the initial stage of the drug development process, and ad-

ditional experimental research is required to confirm the found compounds expected

activities.
l Virtual Screening (VS) J
Ligand based VS Structure based VS Combined VS
[ (LBVS) J [ (SBVS) J L (LBVS+SBVS) J

Figure 2.13: Virtual screening strategies.
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2.6.1 Ligand-Based virtual screening

This method involves screening a large database of small molecules to identify
those that have similar chemical structures to known ligands that bind to the target
protein. This technique has been used in various studies, including identifying po-
tential inhibitors of human hexokinase II for the development of anti-dengue thera-
peutics, selecting active antiviral compounds against COVID-19 disease targeting coro-
navirus endoribonuclease NendoU/NSP15 [62], and virtual screening strategy com-
bined with Bayesian classification model, molecular docking for Acetyl-CoA Carboxy-
lases inhibitors [111]. The history of LBVS dates back to the early 1970s when the con-
cept of molecular similarity was introduced in drug discovery[95]. In the early days,
LBVS was limited to the use of simple molecular descriptors such as molecular weight,
log P, and hydrogen bond donors/acceptors. However, with the development of more
sophisticated computational methods and the availability of high-performance com-
puting resources, and has become more efficient and accurate. Ligand-based virtual
screening (LBVS) is a computational approach used in drug discovery to identify po-
tential ligands from large compound libraries. LBVS focuses on the chemical charac-
teristics of ligands rather than relying on target protein structures. One of the main
aspects of LBVS is the classification of compounds into active and inactive based on
their similarity to known ligands or molecular descriptors (See Figure 2.14).

Similarity-based methods are commonly employed in LBVS to assess the similarity
between query compounds and a database of known active ligands. Molecular finger-
prints, which encode structural information, are often used to represent compounds.
By applying mathematical algorithms, such as the Tanimoto coefficient or Dice coeffi-
cient, the similarity between two molecular fingerprints can be calculated. Compounds
with high similarity scores to known active ligands are considered potential hits for fur-
ther experimental evaluation [108]. In addition to similarity-based methods, machine
learning-based approaches have gained prominence in LBVS. These methods employ
statistical models trained on a dataset of known ligands and decoys (inactive com-
pounds) to predict the activity of new compounds. Machine learning algorithms, in-
cluding support vector machines (SVM), random forests (RF), and neural networks,
are commonly used to learn the underlying relationships between molecular features
and bioactivity [33]. Trained models can then be used to classify new compounds as

active or inactive based on their features.

It is crucial to emphasize the importance of high-quality training data in LBVS clas-
sification. The selection of appropriate molecular descriptors, similarity metrics, or ma-
chine learning algorithms greatly impacts the accuracy and reliability of the classifica-
tion results. Furthermore, rigorous validation of the classification models is essential to

ensure their predictive power and generalizability. In summary, ligand-based virtual
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screening employs both similarity-based and machine learning-based methods for the
classification of compounds. These approaches enable the efficient screening of large
compound libraries, aiding in the identification of potential ligands for further experi-

mental investigation in drug discovery research.

Ligand-based

' Virtual
Screening

I
| !

L Actives known L Actives and

inactives known

—— ]

I Similarity Pharmacophore Machine learning
L Searching L modeling L methods

Figure 2.14: Classification of ligand-based approaches.

2.6.2 Structure-Based virtual screening

This method involves using the three-dimensional structure of the target protein to
screen a large database of compounds and identify those that are most likely to bind
to the protein. The method involves generating a pharmacophore model based on the
structure of the target protein, screening a database of compounds against the model,
and then validating the hits using molecular docking and other methods. The devel-
opment of fast and accurate algorithms has allowed structure-based virtual screening
to become an important tool in drug discovery and design. Other virtual screening
methods include ligand-based virtual screening, which relies on the similarity of com-

pounds to known ligands or pharmacophores [19].

The main difference between these methods is that In ligand-based virtual screen-
ing, a database of compounds is screened based on their similarity to a known ligand

or pharmacophore. In contrast, structure-based virtual screening involves using the
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three-dimensional structure of the target protein to screen a large database of com-
pounds and identify those that are most likely to bind to the protein. Both methods
have their strengths and limitations, and a combination of the two approaches can be
used to improve the accuracy of virtual screening. Examples of studies that have used
both methods include the identification of novel Hsp90 inhibitors [23] and inhibitors

of human lysosomal acid lipase [9].

2.7 Related works

Similarity-based virtual screening is widely recognized as an essential aspect of
drug discovery, aiming to identify molecules with structural similarity to reference
compounds. Various approaches have been employed to enhance the effectiveness
of similarity-searching methods. Among these, 2D similarity methods have gained
widespread use due to their ability to quantify the similarity between molecules based
on structural features. The Tanimoto coefficient has emerged as a commonly utilized
indicator of chemical compound similarity in chemoinformatics [12, 22, 94, 99]. To fur-
ther improve search methods, techniques from diverse disciplines have been explored.
For instance, Bayesian inference networks proposed by (Abdo et al.) [3, 1], originally
developed for text retrieval, have been successfully applied in virtual ligand screen-
ing. Additionally, reweighting techniques initially used in the text retrieval field have
been adapted for cheminformatics by (Ahmed et al.) to strengthen the Bayesian net-
work [3]. Al-Dabagh used the concepts of quantum mechanics theory concepts have
also been leveraged to enhance molecular similarity searching and ranking of chemical
compounds in LBVS [31]. Nasser and colleagues used deep belief networks (DBNs) to
incorporate all new features from all descriptors to create a new descriptor for similar-
ity searches when several descriptors were used, each representing different relevant
elements [82].

Moreover, the advent of deep learning (DL) techniques has revolutionized drug
discovery, bioinformatics, and cheminformatics. These technologies have opened up
new possibilities for computational decision-making and aiding in the understanding
of molecular mechanisms. Researchers have proposed various DL models to generate
new molecules, predict compound activities, and optimize drug properties. Convo-
lutional neural networks (CNN), long short-term memory (LSTM), and self-attention
have been commonly used in these studies. For instance, autoencoder models proposed
by Gémez-Bombarelli et al. have been utilized to convert discrete molecular repre-
sentations into continuous representations, enabling the generation of new molecules
[49]. Skalic et al. proposed a new model Variational autoencoders have been employed

to transform seed compounds into three-dimensional representations, which are then
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used to explore uncharted regions of the chemical space [97]. Gao et al. proposed a
generative network complex (GNC) model using Gradient descent in the latent space
of an autoencoder have been utilized for multi-property optimization in the creation of
new drug like molecules [45]. CNN used by Hamza et al. to predict orphan compound
activities, while both 1D and 2D CNN have been trained separately to evaluate differ-
ent descriptors’ performance [57]. RNN-based methods used by Goh et al. have also
been explored in chemoinformatics, where SMILES representations of molecules are
used to learn their coding grammar and predict molecular properties [83, 48]. Siamese
architectures, such as CNN and LSTM networks, have shown promising results for sim-
ilarity modeling, especially with complex and heterogeneous data samples. They have
been employed in various applications, including family reunion, sentence similarity
calculation, and drug interaction prediction. For example, Yu et al. used CNN Siamese
architectures to determine whether two persons were related, making it possible to
find lost people and reconcile them with their family members [115]. The similarity
between sentences was determined by Jonas et al. using the LSTM Siamese neural net-
work [101]. Another technique of deep learning called self-attention has been success-
fully employed in transformer-based models, such as the transformer model introduced
by Vaswani et al. in 2017, which revolutionized machine translation [106]. Since then,
self-attention has been extensively utilized in various applications, including language
understanding, text summarization, image captioning, and speech recognition, due to
its ability to capture long-range dependencies and improve the modeling of the context

within sequences.

In the year 2022, Altalib suggested the utilization of advanced deep learning meth-
ods such as LSTM-RNN, GRU-RNN, 1D CNN, and 2D CNN. Their objective was to
enhance the performance in handling molecules with diverse structures by harnessing

the capabilities of deep learning and Siamese neural network architecture [5].

The Siamese architecture has demonstrated promising performance for similarity
modeling, particularly with heterogeneous data samples. Inspired by these advance-
ments, this research proposes two novel models, namely SSCNN1D and SSCNN2D,
to augment the results of ligand-based virtual screening. These models leverage deep
learning techniques, such as 1D and 2D convolutional neural networks, LSTM, bidirec-
tional LSTM (BiLSTM), and attention mechanism, within the Siamese architecture. By
integrating the strengths of deep learning and the Siamese architecture, SSCNN1D, and
SSCNNZ2D aim to improve the retrieval effectiveness of the similarity model, particu-
larly when dealing with structurally heterogeneous molecules. Through an in-depth
evaluation, the performance and efficacy of these models will be assessed, contributing

to the advancement of molecular similarity-based virtual screening.
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2.8 Summary

This chapter delves into the field of computer-aided drug design, showcasing its
profound impact on pharmaceutical research. Through the utilization of computational
algorithms and informatics tools, this discipline has revolutionized the process of dis-
covering and optimizing therapeutic agents. The chapter provides a comprehensive
overview of the core principles and methodologies employed in computer-aided drug
design. It explores the domain of chemoinformatics, elucidating its role in molecu-
lar representation and analysis. The significance of accurate molecular similarity mea-
surements is emphasized, along with the various aspects of structure representation,
weighting schemes, and similarity coefficients. Moreover, the chapter delves into the
applications of virtual screening, encompassing both ligand-based and structure-based
approaches. By presenting this academic exploration, the chapter aims to establish a
strong knowledge foundation, enabling researchers to appreciate the integral role of
computer-aided drug design in modern drug discovery and prepares for the next chap-

ter which will describe our approach to detecting molecular similarity.
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Chapter 3

Deep learning

3.1 Introduction

The continuous development of artificial intelligence (AI) has led to remarkable ad-
vancements in the field of machine learning (ML). ML approaches have transformed
data analysis by allowing computers to understand patterns and predict outcomes from
massive datasets. Deep learning, a subset of ML, has emerged as a powerful paradigm
that leverages artificial neural networks with multiple layers to extract complex rep-
resentations from data. This chapter explores the evolution and applications of deep
learning, with a specific focus on two key models: Siamese neural networks and atten-
tion mechanisms. Siamese networks employ twin subnetworks with shared weights,
enabling tasks related to similarity or dissimilarity learning. Attention mechanisms,
inspired by human attention processes, selectively focus on relevant elements in input
data, improving model performance. By delving into the principles, methodologies,
and applications of deep learning, including Siamese networks and attention mech-
anisms, this chapter provides a comprehensive understanding of these cutting-edge

technologies and their potential for advancing Al systems across various domains.

3.2 Artificial Intelligence (AI)

Artificial intelligence (Al), a field characterized by the development of computer
systems that can carry out tasks usually requiring human intelligence, has the of creat-
ing intelligent machines that interact with the world and humans in a manner similar to
humans themselves. Al can be labeled into narrow Al, which focuses on precise tasks
together with speech recognition, picture classification, and recommendation struc-
tures, and general Al, which objectives to attain human-degree intelligence and carry
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out a wide variety of intellectual tasks [92]. Al strategies encompass diverse meth-
ods such as machine learning, deep learning, natural language processing, computer
vision, and robotics as shown in Figure 3.1. Those techniques allow Al structures to
examine from statistics, discover patterns, manner and apprehend language, interpret
visual records, and interact with the physical international [92] In the healthcare do-
main, Al holds tremendous potential for revolutionizing drug development processes.
By leveraging computational algorithms and machine learning techniques, Al systems
can analyze vast amounts of biomedical data, such as genomic information, protein
structures, and molecular interactions, to identify potential drug candidates and pre-
dict their efficacy and safety profiles [113]. Techniques like virtual screening and de
novo drug design facilitated by Al enhance the efficiency and cost-effectiveness of the
drug discovery process [48]. The applications of Al are extensive and span diverse

fields, including healthcare, finance, education, transportation, and many others.

While AT offers significant benefits, it also raises ethical and societal concerns. One
pressing concern is algorithmic bias, which occurs when machine learning models pro-
duce biased or discriminatory outcomes due to inherent biases in the training data or
algorithms themselves [30]. Such bias can perpetuate social inequalities and reinforce
systemic discrimination, particularly in critical domains like hiring, loans, and crimi-
nal justice. It is crucial to address and mitigate these biases by ensuring transparency,
scrutiny, and ongoing evaluation throughout the life-cycle of Al technologies [13]. The
widespread deployment of Al systems also raises concerns regarding privacy and data
protection. The collection, storage, and analysis of personal data by Al algorithms raise
issues related to consent, user control, and the risk of unauthorized access or misuse
[79]. Balancing the utilization of data for Al advancements while safeguarding indi-
vidual privacy rights requires robust data governance frameworks and regulatory mea-
sures [84]. Moreover, the integration of Al systems into various sectors has implications
for employment and societal dynamics. While Al-driven automation can streamline
processes and enhance efficiency, there are concerns about job displacement and the

need for upskilling and reskilling to ensure a smooth transition in the workforce [44].

Additionally, the broader socio-economic implications of Al integration require care-
ful examination and proactive policies to ensure equitable distribution of benefits while
mitigating potential adverse consequences [38]. To navigate these complexities and
challenges, it is essential to develop comprehensive governance frameworks and eth-
ical guidelines that promote responsible development, deployment, and utilization of
Al technologies. This includes fostering transparency, accountability, and explainabil-
ity within Al systems, as well as establishing mechanisms for auditing and addressing
biases or discriminatory outcomes [42]. Collaboration among academia, industry, pol-

icymakers, and the public is crucial to fostering a multidisciplinary and inclusive ap-

32



Chapter 3. Deep learning

proach that embraces diverse perspectives and expertise [21]. By critically examining
Al advancements, challenges, and ethical dimensions, this section aims to contribute
to a comprehensive understanding and conscientious advancement of artificial intelli-

gence technologies, fostering a human-centric and socially beneficial Al ecosystem.

Artificial intelligence

Natural language
processing

Visual perception

Intelligent robot

Automatic programming

Automatic
reasoning

Knowledge
representation

Machine learning

Linear/Logistic regression

k-Means Support vector machine

Principal component

analysis k-Nearest neighbor

Decision
trees

Random
forest

Neural Networks

Boltzmann neural

Figure 3.1: Relationship between artificial intelligence machine learning neural network
and deep learning [68].

3.3 Machine learning (ML)

Machine learning focuses on creating algorithms and computer programs that can
learn from data and enhance their performance without explicit programming [78] as
a subset of artificial intelligence (AI). It seeks to make it possible for systems to au-
tomatically identify and use data patterns for prediction and decision-making activi-
ties. Machine learning encompasses various approaches (See Figure 3.2), with super-
vised learning, unsupervised learning, and reinforcement learning being prominent
categories [20]. Supervised learning entails training models on labeled datasets, with
each data point associated with a specified desired output [20]. The models learn to
connect input features to the correct output labels, allowing them to make accurate
predictions on unseen data. This method has been widely used in applications like
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classification, regression, and time series forecasting. Unsupervised learning, on the
other hand, deals with unlabeled datasets, seeking to discover inherent patterns and
structures in the data [20]. Clustering algorithms group similar data points together
based on their intrinsic characteristics, while dimensionality reduction techniques aim
to reduce the complexity of the data while preserving its essential properties. Unsuper-
vised learning has been utilized in applications like customer segmentation, anomaly

detection, and data visualization.

Reinforcement learning involves training agents to make optimal decisions in an
environment by interacting with it and receiving feedback in the form of rewards or
punishments [20]. The agents learn through trial and error, seeking to maximize cu-
mulative rewards over time. This approach has shown remarkable success in areas such

as game-playing, robotics, and autonomous systems.

Machine learning techniques are used in a variety of fields, including medicine,
email filtering, speech recognition, and image categorization [20]. In complex and data-
rich contexts, these algorithms have the ability to find significant insights and make
accurate predictions. Machine learning continues to evolve and has the potential for

solving difficult real-world issues as technology, algorithms, and data availability im-

prove.
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Figure 3.2: Diagramme d’apprentissage automatique [89].
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3.4 Deep learning (DL)

Deep learning, a subfield of machine learning, enables computers to learn and
make intelligent decisions by automatically extracting complex patterns from vast amounts
of data. At its core, deep learning utilizes deep neural networks, composed of inter-
connected artificial neurons organized into multiple layers, to progressively learn hi-
erarchical representations of input data [50]. The roots of deep learning can be traced
back to the 1940s with the introduction of artificial neural networks [91]. However,
it was not until the early 2000s that significant progress was made, thanks to break-
throughs in training algorithms and advancements in computational power [59]. One
pivotal milestone occurred in 2012 with the introduction of the AlexNet architecture
by Krizhevsky et al., which showcased exceptional performance in image classification
tasks [66]. Since then, deep learning has rapidly evolved, benefiting from hardware
advancements, the availability of large datasets, and innovative network architectures
[66].

The underlying mechanism of deep learning involves training neural networks with
labeled examples, using optimization algorithms such as stochastic gradient descent to
minimize prediction errors [50]. This iterative learning process allows the network to
automatically discover and extract intricate patterns, leading to accurate predictions
and decision-making. Deep learning has made significant contributions across various
domains. In computer vision, it has revolutionized tasks such as image recognition,
object detection, and image generation. In natural language processing, deep learning
models have achieved impressive results in language translation, sentiment analysis,
and speech recognition. Furthermore, deep learning has found successful applications
in healthcare, finance, autonomous vehicles, and other fields [67].

Deep learning’s success can be ascribed to its capacity to manage massive datasets,
recognize intricate correlations and patterns, and adapt to many fields. Deep learning
has enormous promise for resolving complicated issues and propelling further devel-
opments in artificial intelligence as processing power and dataset availability increase.
there are three most important architectures used in deep learning Feedforward neu-

ral networks, convolutional neural networks (CNN), and recurrent neural networks
(RNN).

3.4.1 Feedforward neural networks (FNN)

Feedforward neural networks (FNN) are a type of artificial neural network where
the information flows in one direction, from input to output. FNNs are widely used

for function approximation, classification, and prediction tasks. They consist of multi-
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ple layers of interconnected nodes, or “neurons,” where each neuron in a layer receives
input from the previous layer and produces output for the next layer. The activation
function of each neuron determines the output of the neuron based on its input. FNN
can have different architectures and activation functions, and their performance de-
pends on the choice of these parameters [118][7]. FNN can be trained using various
optimization algorithms to adjust the weights and biases of the connections between

neurons to minimize the error between the predicted and actual outputs [7].

1% hidden layer L™ hidden layer
A

input layer output layer

Figure 3.3: Typical architecture of a feed-forward neural network (FFN)

3.4.2 Convolutional Neural Networks (CNN)

Convolutional neural networks (CNN) are a type of artificial neural network that is
commonly used for image and video recognition tasks. as shown in Figure 3.4 a CNN
consists of various layers, including input, output, and hidden layers. These hidden
layers can take the form of convolutional layers, pooling layers,followed by one or more
fully connected layers that perform classification or regression tasks [66]. CNN are
trained using back-propagation and stochastic gradient descent to adjust the weights

and biases of the filters to minimize the error between the predicted and actual outputs.

o Convolutional layers :
CNN are designed to automatically learn hierarchical representations of input
data with dimensions H x W x D, where H represents the height, W represents
the width, and D represents the number of input channels , by applying a se-
ries of convolutional filters defined by the size of the filter to the input image or
video frames Figure 3.5 performing a dot product between the filter and each lo-

cal region of the input image , and the output of each filter is passed through a
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convolutional layer convolutional fully connected layer

F
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y 4

fully connected layer
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Figure 3.4: architecture of a convolutional neural networks(CNN).

non-linear activation function such as ReLU (Rectified Linear Unit), which intro-
duces non-linearity to the network, to produce a feature map [18].

The convolutional layer produces a set of feature maps, each of which represents
a different filter F'. The stride S and padding P employed during the convolu-
tion operation are two parameters that affect how big the feature maps should
be and the size of the output feature which can be calculated using the following

formula:

input_size —F 4+ 2 x P
S

output_size = +1 (3.1)

e Pooling layers :
Next The feature maps are then down-sampled using pooling layers to reduce the
spatial dimensionality of the input and increase the computational efficiency of
the network [18],This reduces the amount of calculation and weights needed and
controlling the over-fitting. There are several pooling functions such as Max pool-
ing which is the most widely used pooling technique. It partitions the input into
non-overlapping rectangular regions and takes the maximum value within each
region Figure 3.6,the size of output volume can be determined by the following

formula [77]:
W —F

S

were the W represent the spatial size of the input volume ,and the S indicates

W_out = +1 (3.2)

the stride value, which outlines the size of the step at which the pooling kernel F’

traverses the input volume.
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Figure 3.5: An example of 2-D convolution operation [58].
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Figure 3.6: Pooling Operation using the 2 x 2 filters [41].

o Fully-connected layers:
One or more fully connected layers are frequently used as part of the convolu-
tional neural network’s (CNN) final stage of feature extraction which helps to
map the representation between the input and the output Figure 3.4, preceding
the classification or regression task. fully connected layers require inputs in the

form of 1D vectors . Therefore, the feature maps are flattened into a single vector
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by reshaping them.

3.4.3 Recurrent Neural Networks (RNN)

Recurrent Neural Networks (RNN) are a type of artificial neural network that are
designed to process sequential data, such as time series, speech, and text [118]. Unlike
teed-forward neural networks, RNN have loops in their architecture that allow them to
maintain a “memory” of previous inputs and use it to inform the processing of current
inputs [118] it consists of a set of interconnected cells organized into layers, Every cell
in the layer receives input from other cells in the same layer as well as from cells in
the previous layer, the output of each cell is then fed back into the network as input
for the next time step. RNN can have different types of cells which are described later
in this section, such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU), that are designed to address the vanishing gradient problem and improve the
memory capacity of the network[118]. Figure 3.7 shows that any length of sequence can
be processed by RNN, which typically maps a sequence of inputs x1,..., 21 to a sequence

of hidden states hy,...,hr through the equation:

hy = tanh(Whh chiq + Wap -2 + bh) (3.3)

were W}, is the weight matrix that connects the previous hidden state ,_; to the cur-

Whh

hi h2

L > P b o P ...

oY Y
e | |

Figure 3.7: A computation graph corresponding to a simple RNN.

rent hidden state h; using matrix multiplication, This matrix defines the influence of
the previous hidden state on the current hidden state added the weight matrix W,
that connects the current input z; to the current hidden state h; , next the bias vector,
which was added to the weighted sum of the previous hidden state and the current

input. The bias allows the network to shift the activation function’s output [35].

39



Chapter 3. Deep learning

<1> R
)’) <1> 5;<2> <Ty> 5)

t t ) t i
e o P P M MOy
t t
x<1> % ;<1> x12> XJTX>
One to one One to many Many to one
5<1> &<Ty>
p<1> y<z> <Ty> A 2%
tot } i i
a<0>—>|:|_,|:l_, _’D a<0>—>|:|->..._>|:|_>..._.|:|_>..__,|:|
t t
):<1> 1<2> ijx> - s x<Tx>
Many to many Many to many

Figure 3.8: Types of Rnn [29].

RNN have been used for a variety of tasks, such as speech recognition, machine
translation, and sentiment analysis[118], each task used a specific type of RNN such
us (One-to-One, One-to-Many, Many-to-One, and Many-to-Many)[29] as explained on
Figure 3.8.

RNN cell architectures

Several RNN cell architectures have been developed to address challenges such as cap-
turing long-term dependencies and avoiding the vanishing gradient problem that is
caused by RNN .therefore, LSTM (Long Short-Term Memory) was specifically designed
to address the vanishing gradient problem and allow RNNSs to effectively capture long-
term dependencies. Here’s how LSTM solves the issues faced by traditional RNN.

e Long Short-Term Memory (LSTM) LSTM is a type of recurrent neural network
(RNN) that is designed to address the vanishing gradient problem and improve
the memory capacity of the network [61]. LSTM cells have three gates (input,
forget, and output) and a memory cell that stores the information, which allows
them to selectively forget or remember information from previous time steps and
maintain a long-term memory of the input sequence. LSTM is well-suited for pro-
cessing long sequences of data and has been used for a variety of tasks, such as
part-of-speech tagging for the Tamil language, cryptocurrency price prediction,
and machine translation of the Holy Quran from Arabic to Italian [61] [56]. LSTM
has also been used in combination with other deep learning models, such as at-
tention mechanisms and stacked ensembles, to improve the performance of the

network [56]. The computations within LSTM are represented by the following
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equations [35].

fe = o(Wenhi—1 + Weoxi + by) (3.4)
iv = o(Winhi—1 + Wiz, + b;) (3.5)
0 = 0 (Wonhi—1 + Woe@s + b,) (3.6)
Cy = tanh(Wehy_y + Wepty + b.) (3.7)
Ci=fi®Cr1+40C; (3.8)

h: = 0y © tanh(C}) (3.9)

Here The forget gate shown on (E£¢2.4) determines the amount of information
from the previous memory cell state (C;_1) that should be forgotten. It takes as
input the previous hidden state (h,_;) and the current input (z,) and passes them
through a linear transformation (W, and W, ) followed by a sigmoid activation
function (o), The resulting value between 0 and 1 for each number in the cell state
(Cy-1),(ft) represents the degree of forgetting.

the next step is to choose what the new data will be stored in the cell state (C}),
This step represented by (E£¢2.5) and (Eq2.7) can be divided into two parts. First,
a sigmoid function (o) called the input gate (i;) decides which values will be up-
dated, The output of this gate (i;) represents the amount of new information to
be added to the memory cell. Next, a hyperbolic tangent (tanh) function which
ranges from -1 to 1, creates a vector of new candidate values (C;), Then The mem-
ory cell (C}) is updated by combining the previous memory cell state (C;_;) and
the candidate activation (C,).In the (Eq2.7) the element-wise multiplications is
used between the old state (C;_;) and The forget gate (f;) combined with candi-
date update element’s (C;) and the input gate (i,) ,this resulting value (C,) repre-
sents the updated memory cell state (E£¢2.8).

The output gate (0,) like both (forget gate and input gate) uses the old hidden
state combined with the current input (x,) and passes the result through a sig-
moid activation function (o) . Finally, The hidden state () is computed by ap-
plying tanh to the memory cell state (C,), The resulting value multiply with the
output gate (o;).
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Figure 3.9: LSTM Cell [60].

the Figure 3.9 shows a clear similarity between the updates for these three differ-
ent gates (forget gate, input gate, and output gate) in their structure; they take the
previous hidden state (h;—1) and current input (z;) , the only difference between
those gates that they have distinct weight matrices (W, W, Wi, Wip, Won, Wi,
respectively, and biases can be seen in equations that are connected to each gate
allow for flexibility in learning and adapting to different tasks [60]. In particular,
all three gates very much resemble simple RNNs, but with the key difference be-
ing the sigmoid activation function, rather than the tanh activation function, This
choice of activation function allows the gates to regulate the information flow by
controlling the amount of forgetting, storing, and outputting of information in a

more effective manner.[35].

e Bidirectional LSTM
BiLSTM is a recurrent neural network used primarily on natural language pro-
cessing such as handwriting recognition [52], and speech recognition [51]. Un-
like standard LSTM As the name suggests The input has the ability to flow bidi-
rectionally and leverage information from both directions, making it a potent
technique for representing the sequential relationships of words and phrases in a
sequence[52, 51]. as illustrated in Figure 3.10, The BiLSTM incorporates an extra
LSTM layer that introduces a reverse direction of information flow in the input
sequence. This is achieved by processing the sequence in reverse order in the ad-
ditional LSTM layer. Various methods, including averaging, summing, multiply-
ing, or concatenating, are used to merge the outputs from both LSTM layers[120].
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Figure 3.10: BiLSTM Cell [120].

3.5 Attention Mechanism

Attention mechanisms have emerged as a critical component in modern deep learn-
ing models, revolutionizing various domains such as natural language processing, com-
puter vision, and speech recognition [10, 106]. In 2014, was designed to address the
challenge posed by fixed-length encoding vectors, which restrict the decoder’s access
to information from the input. this technique is employed to address the limitations
of traditional models that treat all input elements equally, regardless of their relevance
or importance. By selectively attending to specific parts of the input, attention mecha-
nisms allow models to focus on the most informative elements, improving their ability
to understand and process complex data [112]. The notion behind such adaptability is
that the network should allocate greater attention to the subtle yet pivotal portions of
the input data, as this dynamic adjustment may enhance the representation of some el-
ements while diminishing the relevance of others. The introduction of attention mech-
anisms in the context of machine translation can be credited to the work of Bahdanau
et al. (2014), who proposed a neural machine translation model that learns to align
and translate by attending to relevant parts of the source sentence. This pioneering ap-
proach laid the foundation for subsequent research and has since been widely adopted
in various deep-learning architectures. Attention mechanisms, by enabling the flexible
modeling of dependencies and capturing intricate patterns in the data, have signifi-
cantly enhanced the performance of these models on a wide range of challenging tasks.

The development of the attention mechanism was primarily motivated by the chal-
lenges posed by time-varying data, particularly sequences. This led to the increas-
ing adoption of a holistic approach, treating sequences as a whole rather than fixed-
length entities. Within the attention framework, two prominent types of attention have

emerged: additive attention and dot-product attention. Additive attention can be con-
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sidered as the original attention mechanism, while dot-product attention represents a

more recent innovation [73].

Today, the attention mechanism has found extensive applications in various do-
mains, including image captioning and other related tasks. Its ability to selectively at-
tend to relevant information based on contextual cues, trained using gradient descent

algorithms, makes it a powerful tool in understanding and processing complex data
[112].

3.5.1 How Attention Mechanism Works

In traditional neural network architectures, the model processes the complete in-
put sequence as a whole, which can be problematic for lengthy sequences as it may lead
to information overload and the loss of crucial data. However, attention mechanisms
address this issue by enabling the model to selectively focus on specific segments of the
input sequence, allowing it to prioritize the most relevant parts. The attention mech-
anism employs attention weights to determine the importance of each element in the
input sequence. Subsequently, these weights are used to compute a weighted sum of
the input sequence, where the weights represent the significance of each component
[106]. By incorporating attention mechanisms, models can effectively capture long-
range dependencies and enhance their ability to process sequential data. One widely
used attention mechanism is the scaled dot-product attention, introduced in the article
"Attention Is All You Need [106]” by Vaswani et al.

In the ensuing section, a comprehensive analysis will be presented, elucidating the
distinct types of attention mechanisms along with a detailed exposition of their indi-

vidual operational principles.

3.5.2 Types of Attention Mechanism

According to the method used to calculate the attention weights, there are many

kinds of attention mechanisms. The most popular varieties are listed below:

1. Dot-product attention : Dot product attention is a fundamental mechanism used
in neural network architectures for capturing relevant information within input
sequences. The attention weights in dot product attention are computed by tak-
ing the dot product between the query vector and the key vectors, followed by
a soft-max operation. Mathematically, the attention weights can be expressed as

an equation :
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Attention(Q, K, V) = softmax (QK™) V (3.10)

where Q represents the query vector and K represents the key vectors. The calcu-
lation involves multiplying the query vector with the transpose of the key vectors
and applying the softmax function to normalize the resulting scores. This mech-
anism enables the model to assign higher weights to the key vectors that have
higher relevance or similarity to the query. The dot product attention mechanism
has been widely employed in various tasks such as machine translation, sentiment
analysis, and question answering, showcasing its effectiveness in capturing im-
portant contextual information and improving overall model performance [106,
10].

2. Scaled Dot-Product Attention (Self-attention) : Self-attention, also known as
intra-attention, is a specific type of attention mechanism where the input sequence
attends to itself. It has gained significant popularity, especially with the introduc-
tion of the transformer model [106]. In self-attention, each element in the input
sequence, such as a word or a token, is treated as both a query and a key. This is an
extension of dot product attention where the dot product is divided by the square
root of the dimension of the query vector. Scaling helps prevent the dot products
from becoming too large or too small, which can affect the gradient during train-
ing. The aim is to capture the relationships between different elements within the
same sequence. By attending to itself, self-attention allows the model to weigh
the importance of each element based on its relationships with other elements,
enabling the model to focus on relevant information and effectively model de-

pendencies. The self-attention mechanism typically involves the following steps:

e Query, Key, and Value: The input sequence is transformed into three rep-
resentations: queries (Q), keys (K), and values (V). These transformations

are learned through linear transformations as illustrated in Figure 3.11
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Figure 3.11: attention-matrices [88].

where weight matrices (Wq, Wk, and Wv) are applied to the input sequence.
The respective query, key, and value sequences are obtained via matrix mul-
tiplication between the weight matrices W and the embedded inputs x:

Query sequence: q% =W,x" fori € [1,T]
Key sequence: k® = W;x" fori € [1,T]

Value sequence: v\ = W,x") fori € [1, 7]

The index i refers to the token index position in the input sequence, which
has length 7. for more comprehension, the Figure 3.12 presents the Input
transformation used in a Transformer, Query, Key, and value
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Figure 3.12: self-attention matrix calculation [25].

e Calculating Attention Scores: Attention scores are computed by taking the
dot product between the query vector of each element and the key vector of
all other elements in the sequence. This calculation captures the similarity or
relevance between different elements in the sequence. Mathematically, the

attention score between elements i and j can be expressed as:

Q- KI

ity
vy

where @); represents the query vector for element i, K; represents the key

Score(i, j) =

vector for element j, and dj. represents the dimension of the query and key

vectors.

o Attention Weights: The attention scores are scaled by the square root of the
dimension of the query and key vectors to ensure stability. Then, the scaled
scores are passed through a softmax function, which normalizes the scores to
obtain attention weights (SeeFigure 3.13). The attention weights reflect the

importance or contribution of each element to the others. Mathematically,
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the attention weight for element j given a query 7 can be calculated as:

exp(Score(i, 7))

Weight(i, j) = softmax(Score(i, j)) = erzl p—p——

(3.11)
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Figure 3.13: Calculation attention weight [88].

o Weighted Sum: The attention weights are used to calculate a weighted sum
of the values (V). Each value is multiplied by its corresponding attention
weight, and the weighted values are summed up to obtain the final attended
representation for each element. the following equation presented the cal-
culation of the weighted Sum:

T
Weighted Sum(i) = > ~ Weight(i, j) - Value(j) (3.12)

J=1

the Figure 3.14 explain how to compute the context vector z(?), which is an
attention-weighted version of our original query input 2?, including all the
other input elements as its context via the attention weights

48



Chapter 3. Deep learning

22| x® Note that the attention scores are
! specific to the current input token
W, q(l) a)z‘l
% w |
W, 1)
’ q(2)_ jre) :
Current input (‘query") i M
W, q® @, \ T .
<y | (G {a8]  where 2 = Yav
L »® / J=1
2
; kD
() @, |

D

RN
315
— |
N]

<

Figure 3.14: Calculation Weighted Sum [88].

The self-attention mechanism allows the model to capture long-range dependen-
cies and consider the contextual information of each element within the input
sequence. It has been proven effective in various natural languag