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Abstract

The purpose of this work was to suggest two-classes inhibitors of 3CLpro enzyme for SARS-
CoV-2 inhibitors based on structure: ADMET properties and molecular docking using ligand-
based drug design approaches : QSAR: PSO-SVR and DA-SVR. The modelling of ML300
inhibitors was achieved through the development of a robust PSO-SVR model (R?=0.96 and
RMSE=0.13) that outperformed MLR and SVR models. The study suggested that branching
degree 6 had a strong negative impact, while the moment of inertia X/Z ratio, the fraction of
rotatable bonds, autocorrelation ATSm2, Keirshape2, and weighted path of length 2 positively
impacted the activity. These outcomes proved the robustness of the PSO-SVR model and
pave the way for its prediction abilities for future screening of more significant inhibitors'
datasets.

The modelling of heterogeneous inhibitors through DA-SVR model (R2=0.92and
RMSE=0.21) that outperformed the BR-BPNN and DA-CNN models, that was endorsed by
ADMET properties and molecular docking studies revealed that molecules 19 (-7.8
kcal/mole) and 15 (-7.5 kcal/mol) were the most affine to the binding site among 24 selected
drug-like molecules with 1 kcal/mol difference less than the reference moleculePF-07321332,
with conventional Hydrogen bonds HBs, pi-donor HBs, halogen, and alkyl bonds. They share
triazole and 1H-isoindole fragments with fluorine in the 1H-isondole in molecule 15. The
results of this study pave the way for QSAR-based synthesis and analog generation with
respect to molecules 19 and 15 and the structural features indicated and predict their 1Csg
using the QSAR model to identify de novo potential inhibitors that can undergo wet-lab

experiments.
Keywords: SARS-CoV-2; 3CLpro; QSAR; ADMET; Molecular docking.
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Résumé

Le but de ce travail était de suggérer des inhibiteurs en deux classes de I'enzyme 3CLpro pour
les inhibiteurs du SARS-CoV-2 basés sur la structure : les proprietées ADMET et le docking
moléculaire en utilisant des approches de conception de méedicaments basées sur les ligands :
QSAR : PSO-SVR et DA-SVR. La modélisation des inhibiteurs ML300 a été réalisée grace
au développement d'un modele robuste PSO-SVR (R2=0.96 et RMSE=0.13) qui a surpassé les
modeles MLR et SVR. L'étude a suggéré que le degré de ramification 6 avait un impact
négatif fort, tandis que le ratio d'inertie X/Z, la fraction de liaisons rotatives, l'autocorrélation
ATSm2, Keirshape?2 et le chemin pondéré de longueur 2 ont eu un impact positif sur I'activite.
Ces resultats ont prouvé la robustesse du modele PSO-SVR et ouvrent la voie a ses capacités
de prédiction pour le dépistage futur de ensembles d'inhibiteurs plus significatifs.

La modélisation des inhibiteurs hétérogenes via le modéle DA-SVR (R2=0.92 et RMSE=0.21)
qui a surpassé les modéles BR-BPNN et DA-CNN, soutenu par les propriétées ADMET et les
études de docking moléculaire, a révéle que les molécules 19 (-7.8 kcal/mol) et 15 (-7.5
kcal/mol) étaient les plus affines au site de liaison parmi 24 molécules sélectionnées
ressemblant & des medicaments, avec une différence de 1 kcal/mol par rapport & la molécule
de référence PF-07321332, avec des liaisons hydrogene conventionnelles, des liaisons
donneuses pi, halogene et alkyle. Elles partagent des fragments de triazole et de 1H-isoindole
avec du fluor dans le 1H-isoindole de la molécule 15. Les résultats de cette étude ouvrent la
voie a la synthese basée sur le QSAR et a la genération d'analogues pour les molécules 19 et
15, en tenant compte des caractéristiques structurales indiquées, et prédisent leur 1C50 en
utilisant le modele QSAR pour identifier de nouveaux inhibiteurs potentiels pouvant faire
I'objet d'expériences en laboratoire humide.

Mots clé : SARS-CoV-2 ; 3CLpro ; QSAR ; ADMET ; Docking moléculaire
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Introduction




General Introduction

In the vast landscape of contemporary science, certain challenges emerge as crucibles of
innovation, pushing the boundaries of human knowledge and demanding ingenious solutions.
Among these, the COVID-19 pandemic, caused by the novel coronavirus SARS-CoV-2,
constitutes an unprecedented global crisis. The pandemic’s devastating impact on public
health, economies, and societies at large has created an urgent need for effective therapeutics.
In the fight against this formidable foe, computational chemistry has emerged as a beacon of
hope, leveraging the power of advanced algorithms to unravel the mysteries of molecular
interactions and accelerate drug discovery processes.

At the heart of this research lies the profound intersection of computational chemistry and the
fight against SARS-CoV-2. In the face of a virus that has reshaped the world in
unprecedented ways, this study embarks on a nuanced exploration into the intricate world of
Computer-Aided Drug Design techniques. The central question of this thesis echoes across
laboratories and research institutions worldwide: how can computational methodologies,
specifically CADD techniques, contribute to the prediction and development of inhibitors
capable of disrupting the virulence mechanisms of SARS-CoV-2?

SARS-CoV-2, a member of the coronavirus family, has a particular molecular architecture,
enabling its virulent entry and replication within human cells. The virus’s intricate
components, particularly the 3CLpro enzyme, serve as promising targets for therapeutic
intervention. Understanding the subtle nuances of the interaction between potential inhibitors
and these components is critical for the design of effective drugs. However, the sheer
complexity of these interactions requires sophisticated computational approaches, marking the
genesis of this research endeavor.

In the arsenal of modern drug discovery, computational chemistry is emerging as a powerful
force, bridging the chasm between theoretical insights and practical applications. It embodies
the fusion of mathematics, physics, and biology, encapsulated within intricate algorithms. In
this field, QSAR techniques stand out as indispensable tools, offering a systematic framework
to correlate the chemical structures of molecules with their biological activities. In the context
of SARS-CoV-2, QSAR techniques provide a unique perspective through which the
inhibitory potential of compounds can be dissected, paving the way for targeted drug design.

The journey embarked upon in this thesis is guided by a multifaceted methodological
approach. At its core, the study harnesses the innovative amalgamation of Particle Swarm
Optimization (PSO) with Support Vector Machines (SVM) and Differential Evolution
Algorithm (DA) with SVM. These techniques, often regarded as the vanguard of
computational prediction, possess the ability to decipher complex patterns in large data
datasets. The synergy between PSO and SVM, as well as DA and SVM, represents not only a
computational strategy but also an intellectual endeavor to push the boundaries of predictive
modeling.



Recognizing the multifaceted nature of drug development, this research extends its gaze
beyond QSAR techniques. The study meticulously delves into the realm of Absorption,
Distribution, Metabolism, Excretion, and Toxicity (ADMET) properties, highlighting the
importance of a holistic approach to drug design. ADMET properties serve as stringent filters,
ensuring that potential inhibitors not only exhibit strong interactions with the target but also
possess the required bioavailability and safety profiles, essential for their transformation into
effective therapeutics.

Simultaneously, the research unfurls the intricate art of molecular docking, a computational
simulation technique that illuminates the potential binding affinities and interaction patterns
between inhibitors and viral components. The three-dimensional exploration of these
interactions not only informs the design process but also offers valuable information on the
inhibitory potential of the modeled compounds. It is within these virtual landscapes that the
theoretical hypotheses of inhibitory efficacy are rigorously tested and refined.

It is essential to note that this study does not adhere to a one-size-fits-all approach. Rather, it
embraces the complexity of the challenge by modeling two distinct categories of inhibitors.
The first category includes analogues of ML300, a known inhibitor, requiring detailed
exploration to improve their efficacy. These analogues, while rooted in the existing body of
knowledge, demand a nuanced understanding of their unique structural intricacies to optimize
their inhibitory potential.

This research extends its purview to heterogeneous inhibitors. This category represents the
diverse array of potential compounds that could serve as inhibitory agents against SARS-
CoV-2. It encompasses myriad chemical structures, each with its own fingerprint of inhibitory
potential. Exploring these heterogeneous compounds reflects the complexity of real-world
drug discovery, where diversity is often the key to new therapeutic solutions.



This thesis, spanning the domains of computational chemistry, biology, and pharmacology, is
not merely an academic endeavor; it is a testament to human ingenuity in the face of crisis. It
signifies a synergy between scientific curiosity and societal need, illuminating a path toward
innovative drug design. As the chapters unfold, they weave a narrative of a collective
endeavor, where scientists and researchers collaborate across disciplines and continents,
pooling their expertise to confront a global threat.

This thesis provides, in a first place, a deep explanation of SARS-CoV-2, than it dives in
CADD and its tools with an extensive literature review in chapter 1l. Chapter 11l details the
methodology used to predict the inhibitors and concerns both the ligand and structure based
approaches. Chapter IV then presents the rich results found along with a profound
interpretation of the various results of QSAR modelling and molecular docking. A general
conclusion is presented at last to highlight the key points and findings of this thesis.



CHAPTER1
SARS-CoV-2




1. Introduction
The emergence of SARS-CoV-2, and thus the COVID-19 pandemic, in 2019 has caused
millions of cases and deaths worldwide. Understanding the structure and mechanisms of
infection of this novel virus has therefore become mandatory to fight it. This chapter covers
the details of this pandemic, from emergence, genome analysis, and symptoms to recent
variants of concern, vaccines and potential drugs.

2. Emergence and spread

More than 767.518 million cases and 6.974 million deaths have been reported since
December 2019 (www.who.org), the first outbreak of the deadly Corona Virus Disease 2019
COVID-19 pandemic. The new causative virus was named Severe Acute Respiratory
Syndrome Coronavirus 2 SARS-CoV-2 on 11 February 2020 by the International Committee
on Taxonomy of Viruses ICTV. The key events are shown in Fig 1.1. The World Health
Organization WHO declared it as a Public Health Emergency of International Concern
(PHEIC) on 30 January 2020, but did not qualify the outbreak as a pandemic until 11 March
2020[1]. This delayed international response to the pandemic hindered the efficient
containment of the pandemic as lockdown measurements and international mobility
restrictions were not applied promptly Fatal consequences quickly followed both on the
sanitary and economic axes. In addition to millions of deaths, the pandemic has caused the
worst global economic crisis since the 1900s. The crisis increased levels of poverty and
unemployment around the world and had a dramatic impact on inequality within and between
countries. Small businesses, freelancers and women were among the most impacted due to the
lockdown and increasing debts (www.worldbank.org).
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Wuhan very high on the global level
\ \
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Fig 1.1 Timeline of the key events the pandemic
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The number of reported cases and deaths varies across regions and continents. America being
the most influenced continent with 2 957229 deaths, followed by Europe with 2243 918
deaths. Africa, according to the statistics, recorded the lowest death cases with 175399 official
deaths, as shown in Fig 1.2. This is due to a combination of factors, including the relatively
lower population density, younger demographic profile, and timely implementation of
preventive measures. Africa, compared to other continents, faced certain advantages in
containing the spread of the disease.
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Fig 1.2 Death cases distribution region wise from December 2019 to December 2022

Population density is an important factor contributing to the decline in the number of deaths in
Africa. Many African countries have a lower population density compared to regions like
Europe and America. This reduced population density can help in limiting the transmission of
the virus, as it becomes more challenging for the virus to spread rapidly in areas with fewer
people in close proximity. Furthermore, Africa has a relatively younger population compared
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to other continents. COVID-19 has shown to have a more severe impact on older individuals
and those with underlying health conditions. The younger demographic in Africa might have
played a role in mitigating the severity of the disease, as younger individuals generally have a
higher likelihood of recovering from the virus compared to older age groups. Additionally,
African countries took swift and proactive measures to combat the spread of COVID-19.
Many nations implemented strict public health measures, including early lockdowns, travel
restrictions, and widespread testing and contact tracing. These measures helped to contain the
spread of the virus and prevent the healthcare systems from becoming overwhelmed. It's also
important to consider that the reported number of deaths may not reflect the true extent of
COVID-19-related mortality in Africa. Limited testing capacity, underreporting, and
challenges in data collection and reporting systems could contribute to the lower number of
official deaths.

3. COVID-19 in Algeria

The COVID-19 pandemic entered to Algeria with the detection of the first confirmed
case on February 25th, 2020[3]. Swiftly, the virus began to spread across the country, and the
province of Blida became the epicenter of the Algerian epidemic[4]. The initial phase of the
pandemic in Algeria presented a range of challenges, including a significant number of
imported infections, limited capacity for COVID-19 testing, and shortcomings in surveillance
efforts[3]. As the number of cases continued to rise, Algeria found itself among the three
African countries deemed at highest risk for COVID-19 importation, along with Egypt and
South Africa[5]. The situation intensified when, on March 1st, two new cases were reported in
the Blida region. These cases were linked to Algerian nationals who had traveled from
France. The emergence of this cluster marked the beginning of a challenging period for the
region, which subsequently experienced a surge in infections. Over the following months, the
number of cases steadily increased throughout the country[4]. This is illustrated in Fig 1.3, as
it shows the reported cases and deaths from the first recorded case to December 2022.
Statistics from WHO report that Algeria recorded 271 852 confirmed cases, and 6 881 deaths.
As shown in the figure, four peaks are distinguished: June-July 2020, November 2020, July-
August 2021, and January 2022. These peaks are due to (i) relaxation of the containment
measures, and (ii) emergence of novel variances of the virus. 26 January 2022 recorded the
highest number of confirmed cases of 2521 and a daily increase of 306 cases, while 29 July
2021 was the deadliest with 49 deaths in 24 hours. Algeria faced notable hurdles in its
response to the pandemic. The laboratory analysis and testing capacity were identified as
weak links in the system, leading to a limited number of daily tests being conducted and
longer waiting times for obtaining test results. This situation created a higher risk of
asymptomatic individuals unknowingly spreading the virus before being identified and
isolated[4,6]. To combat the spread of the virus, the Algerian government implemented a
series of containment and quarantine measures. These measures, which became more
stringent on March 24th, included the prohibition of sports gatherings, the closure of schools,
places of worship, mosques, and the suspension of public transportation. In addition, travel
restrictions were imposed, with flights and maritime connections to and from Algeria being
halted[5,7]. In terms of treatment protocols, Algeria was among the early adopters of the
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hydroxychloroquine/azithromycin protocol, following press releases from the World Health
Organization (WHO). Initially, this protocol showed promising results, with a decrease in the
death rate observed after its widespread implementation. However, as the situation evolved,
the protocol was limited to severe cases and reserved as a last resort treatment option[4,8].
The social impact of the pandemic in Algeria was profound. A study analyzing population
density and COVID-19 cases revealed that heavily populated cities like Algiers, Blida, Oran,
and Setif were the most affected[9]. There was a stronger correlation between population
density and case numbers in coastal regions compared to less densely populated highland
areas. The relationship between population density and COVID-19 spread was less significant
in the southern region of the country[9]. Daily reported cases in Algeria displayed fluctuations
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over time. After peaking from late April to mid-May, a decrease was observed, attributed to
various interventions including border closures, school shutdowns, social distancing
measures, and the cancellation of public gatherings. However, a subsequent rise in daily
reported cases occurred in mid-June 2020, partially linked to the relaxation of containment
measures and a gradual return to normalcy[10]. The impact of the pandemic on education in
Algeria was substantial. Teachers had to swiftly adapt their traditional teaching methods to
online platforms, which presented numerous challenges. While distance learning emerged as a
practical solution in urgent cases, the long-term effects on the educational system in Algeria
remained uncertain[11-13]. Overall, the COVID-19 epidemic in Algeria brought to light a
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range of challenges, from testing capacity issues and treatment protocols to social and
educational impacts. The country witnessed fluctuations in daily reported cases and
implemented a variety of measures to mitigate the spread of the virus.

4. Symptoms

Patients infected with SARS-CoV-2 can exhibit a broad range of symptoms, spanning from
mild to severe, with a significant proportion of individuals remaining asymptomatic
carriers[14], as shown in Fig 1.4. According to a study involving the determination of
COVID19 clinical features[15], the most commonly reported symptoms include fever 81.2%,
cough 58.5%, fatigue: 38.5%, Dyspnea: 26.1%, and the presence of Sputum: 25.8%, which
are consistent with respiratory tract viral infections. Chest X-rays of patients with pneumonia
often reveal multiple mottling and ground-glass opacity, indicative of lung
involvement[16,17]. In addition to respiratory symptoms, COVID-19 has been associated
with gastrointestinal
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Fig 1.4 COVID19 symptoms[18]

manifestations in a subset of patients. Gastrointestinal symptoms such as vomiting, diarrhea,
and abdominal pain have been reported in approximately 2-10% of cases. Interestingly, in
some instances, gastrointestinal symptoms like diarrhea and nausea have been observed to
precede the development of fever and respiratory symptoms[17,19].

Upon laboratory examination, COVID-19 patients frequently exhibit alterations in their blood
parameters. Decreased lymphocyte and eosinophil counts have been reported, while median
hemoglobin values tend to be lower. Conversely, there are increases in white blood cell
(WBC) and neutrophil counts, as well as elevated serum levels of C-reactive protein (CRP),
lactate dehydrogenase (LDH), aspartate aminotransferase (AST), and alanine
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aminotransferase (ALT)[20]. Notably, the initial CRP serum levels have emerged as a
significant independent predictor for the progression of severe COVID-19 infection[21,22].

Although the primary target of coronavirus infection is the respiratory system, the widespread
distribution of angiotensin-converting enzyme 2 (ACEZ2) receptors in various organs suggests
the possibility of multi-organ involvement[23]. As a result, COVID-19 can potentially lead to
cardiovascular, gastrointestinal, kidney, liver, central nervous system, and ocular damage[24].
Notably, the cardiovascular system is often affected in severe cases, with reported
complications including myocardial injury, myocarditis, acute myocardial infarction, heart
failure, dysrhythmias, and venous thromboembolic events. Monitoring with high sensitivity
cardiac troponin may prove useful in such cases[25].

Severe cases of COVID-19 can rapidly progress to acute respiratory distress syndrome
(ARDS), leading to multiple organ failure induced by the so-called "cytokine storm"[17]. The
cytokine profile in severe COVID-19 cases resembles that of secondary hemophagocytic
lymphohistiocytosis syndrome and is characterized by increased levels of interleukins (IL-2,
IL-7), granulocyte colony-stimulating factor, interferon-c-inducible protein-10, monocyte
chemoattractant protein 1, macrophage inflammatory protein 1- a, and tumor necrosis factor-
a [26]. Moreover, elevated levels of ferritin and IL-6 have been identified as predictors of
fatality, suggesting that hyper inflammation induced by the virus may contribute to severe
outcomes[27].

In the context of children with COVID-19, the disease course is generally milder compared to
that seen in adults, but severe and fatal cases have also been reported. Clinical laboratory data
in pediatric cases exhibit differences from adults, with inconsistent alterations in the leukocyte
index[28]. However, elevations in the levels of CRP, procalcitonin, and LDH have been
observed in children with severe disease, raising concerns about potential cardiac
involvement[29].

5. Diagnosis
Timely diagnosis plays a crucial role in containing the spread of COVID-19. Molecular
detection of SARS-CoV-2 nucleic acid is considered the standard method[30]. Numerous
viral nucleic acid detection Kits targeting specific genes (ORF1b, N, E, or S) are commercially
available with varying detection times, ranging from minutes to hours, based on the
technology used[1].

It's important to note that the accuracy of molecular detection can be influenced by various
factors. While SARS-CoV-2 can be detected from different respiratory sources such as throat
swabs, saliva, nasopharyngeal swabs, sputum, and bronchial fluid, lower respiratory tract
samples typically exhibit higher viral loads[31-33]. Moreover, viral nucleic acid has been
found in samples from the intestinal tract or blood, even when respiratory samples are
negative[34]. Further, viral load may decline from its peak level upon disease onset, leading
to potential false negatives when using oral swabs[33,35]. Henceforth, employing multiple
detection methods is recommended to confirm a COVID-19 diagnosis.
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In cases where molecular detection capacity is overwhelmed, chest Computed Tomography
scans were utilized in Wuhan to quickly identify patients. Initial CT scans often revealed
bilateral multilobar ground-glass opacities with a peripheral or posterior distribution,
indicating potential COVID-19 infection[36,37]. Combining repeated swab tests with CT
scans has been suggested for individuals showing high clinical suspicion of COVID-19 but
testing negative in initial nucleic acid screenings[37].

To supplement molecular diagnosis, serological tests detecting antibodies to specific SARS-
CoV-2 proteins (N or S) were employed, particularly in later stages of the disease or for
retrospective studies[38]. However, the extent and duration of immune responses remain
uncertain, and available serological tests vary in their sensitivity and specificity, necessitating
careful consideration when selecting and interpreting their results. Additionally, potential
future tests for T cell responses should be considered in further diagnostic advancements[1].

6. Genomics and phylogeny

SARS-CoV-2 belongs to the viral group of Coronaviruses, which are a large family of
viruses that affect the lower respiratory tract, leading to a spectrum of illnesses ranging from
mild cold-like symptoms to severe infections with a fatality rate of up to 50%][15].
Coronaviruses are named for the crown-like spikes that protrude from their surface,
resembling the sun's corona[18], as shown in Fig 1.5. They have a positive-sense single-
stranded RNA genome and are known to infect a wide range of species, including bats, birds,
and mammals. SARS-CoV-2 is not the first corona virus the world has encountered. There are
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Fig 1.5 SARS-CoV-2 structure (a) schematic diagram, and (b) microscopic image[39]

two other well-known Coronaviruses that have caused severe outbreaks in the past: SARS-
CoV-1 and MERS-CoV[40]. SARS-CoV-1, which emerged in 2002, is the virus responsible
for causing Severe Acute Respiratory Syndrome (SARS)[41]. It spread to more than two
dozen countries and resulted in over 8,000 reported cases and approximately 800 deaths[42].
SARS-CoV-1 is believed to have originated in bats and was transmitted to humans through
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intermediate hosts, such as civet cats. MERS-CoV, on the other hand, is the virus that causes
Middle East Respiratory Syndrome (MERS)[41]. This virus was first identified in 2012 and
primarily affects the respiratory system. MERS-CoV has been linked to camels as a possible
intermediate host, and the majority of reported cases have been from countries in the Arabian
Peninsula[43]. While the number of MERS cases has been relatively low compared to other
Coronaviruses, the fatality rate associated with MERS is much higher, estimated at around
35%][1]. These outbreaks serve as reminders of the potential dangers posed by Coronaviruses
and highlight the importance of surveillance, early detection, and rapid response to prevent
the spread of these viruses[44]. It's worth noting that SARS-CoV-2, the virus responsible for
the COVID-19 pandemic, shares some similarities with SARS-CoV-1 and MERS-CoV[45],
but it is also distinct in many ways[46]. It is highly transmissible between humans, leading to
a global health crisis[47].

SARS-CoV-2 exhibits significant similarities of 79% with SARS-CoV-1 and 50% of
MERS-CoV[48]. The genome organization of SARS-CoV-2 aligns with that of other
betacoronaviruses, featuring six functional open reading frames (ORFs) arranged in a specific
order from 5’ to 3'. These ORFs include replicase (ORF1a/ORF1b), spike (S), envelope (E),
membrane (M), and nucleocapsid (N). Notably, interspersed between the structural genes are
seven putative ORFs encoding accessory proteins[49]. Comparing the proteins encoded by
SARS-CoV-2 to those of SARS-CoV, there is a striking similarity in terms of length, with
most proteins being comparable in size. Among the four structural genes, SARS-CoV-2
shares over 90% amino acid identity with SARS-CoV, except for the S gene, which shows
divergence[1]. The replicase gene, which constitutes a significant portion of the 5’ genome,
encodes a large polyprotein known as pplab. Through proteolytic cleavage, this polyprotein
generates 16 non-structural proteins responsible for vital functions like transcription and virus
replication. Importantly, most of these non-structural proteins of SARS-CoV-2 display over
85% amino acid sequence identity with their counterparts in SARS-CoV/[49].

In terms of the spike (S) protein, SARS-CoV-2 stands out with a full size of 1,273
amino acids, surpassing both SARS-CoV (1,255 amino acids) and known bat SARSr-CoVs
(ranging from 1,245 to 1,269 amino acids). Fig 1.6.a represents the comparison of the spike
protein and other coronaviruses. Panel (a) shows a schematic diagram of the spike (S) protein
of severe acute respiratory syndrome coronavirus (SARS-CoV) and SARS-CoV-2. It
highlights insertions in the S protein, with an enlargement at the bottom right displaying the
specific insertions at amino acids 675-691 in the SARS-CoV-2 S protein, aligned with those
of other coronaviruses, including SARS-CoV BJ01, RaTG13, pangolin coronavirus reported
from Guangdong, China (GD pangolin), pangolin coronavirus reported from Guangxi, China
(GX pangolin), and bat SARS-related coronavirus (SARSr-CoV) WIV1. Panel (b)
demonstrates the alignment of the receptor-binding domain (RBD) in these coronaviruses.
The receptor-binding motif (RBM) is marked in purple, while the five crucial residues
directly contacting angiotensin-converting enzyme 2 (ACEZ2) are highlighted in green. Fig 1.
6.b represents the Structural comparison of coronavirus spike proteins. In the top half, it
illustrates a long-axis trimer view of the closed conformation of cryo-EM spike protein
structures from three coronaviruses: pangolin coronavirus (PDB ID: 7CNS8, left panel), human
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SARS-CoV-2 (PDB ID: 6ZB5, middle panel), and bat RaTG13 coronavirus (PDB ID: 7CN4,
right panel). The models are color-coded in a rainbow pattern from the N-terminus (blue) to
the C-terminus (red).In the bottom half, the left panel illustrates the human SARS-CoV-2
spike protein (colored by chain: purple, yellow, and green) in bound confirmation with the
ACE2 complex (colored red) (PDB ID: 6ACG). The right panel zooms in on a specific region
comprising 8 amino acids (positions shown in blue, green, and red) previously identified as
targets of positive selection in various studies (references [50-52]). Positions in blue were
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Fig 1.6 Comparison of coronavirus spike proteins (a) gene sequence of the spike protein of SARS-CoV-2 and
other CoVs[1], and (b) structural comparison[50].

spositively selected in one of the cited studies, while positions in red (493 and 494) were
identified in two studies. The green position 483 of the S protein was positively selected in all
three studies. While the S protein of SARS-CoV-2 shares amino acid sequence similarities of
76.7-77.0% with SARS-CoVs from civets and humans, 75-97.7% with bat coronaviruses in
the same subgenus, and 90.7-92.6% with pangolin coronaviruses, the amino acid similarity in
the receptor-binding domain (RBD) between SARS-CoV-2 and SARS-CoV drops to only
73%][53,54]. Another distinct genomic feature of SARS-CoV-2 is the insertion of four amino
acid residues (PRRA\) at the junction of subunits S1 and S2 of the S protein[54]. The addition
of this sequence results in the formation of a polybasic cleavage site (RRAR), which
facilitates effective cleavage by furin and other proteases[55]. It is worth noting that this S1-
S2 cleavage site is not observed in all related viruses within the subgenus Sarbecovirus,
except for a similar three amino acid insertion (PAA) found in RmYNO2, a bat-derived
coronavirus recently identified in Rhinolophus malayanus in China[56]. While the insertion
found in RmYNO2 doesn't fully exhibit the properties of a polybasic cleavage site, it does
offer evidence that this feature, previously believed to be exclusive to SARS-CoV-2, might
have naturally developed[56]. According to structural studies, the furin-cleavage site can
influence the stability of the SARS-CoV-2 S protein, assisting in the required conformational
changes that enable the binding of the RBD (Receptor-Binding Domain) to its receptor[57].
Nevertheless, it remains to be proven whether the increased transmissibility of SARS-CoV-2
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in comparison to SARS-CoV is directly linked to the acquisition of the furin-like cleavage
site[54].

Furthermore, SARS-CoV-2 possesses an accessory gene called orf8, which encodes a novel
protein showing only 40% amino acid identity to the ORF8 protein of SARS-CoV. Unlike the
ORF8 protein of SARS-CoV, the one encoded by SARS-CoV-2 does not contain a motif that
triggers intracellular stress pathways[49]. Significantly, there has been a detection of a SARS-
CoV-2 variant in Singapore, featuring a 382-nucleotide deletion encompassing the entire
ORF8. This deletion bears resemblance to the 29- or 415-nucleotide deletions observed in
human SARS-CoV variants during the latter stages of the 2002-2003 outbreaks[58]. The
deletions observed in ORF8 indicate the possibility of human adaptation after cross-species
transmission[1].

To evaluate the genetic variation among different SARS-CoV-2 strains, researchers aligned
77,801 genome sequences from SARS-CoV-2 detected worldwide. Through this analysis,
they identified a total of 15,018 mutations, including 14,824 single-nucleotide
polymorphisms[59]. Within the spike protein, four amino acid alterations (V483A, L455I,
F456V, and G476S) are situated near the binding interface of the RBD. However, the effects
of these alterations on binding to the host receptor are currently unknown. Among the S
variant sites, the alteration D614G in the S1 subunit has been observed more frequently than
others and has become a significant marker for a major subclade of SARS-CoV-2 known as
clade G[1,60]. Since March 2020, SARS-CoV-2 variants with the G614 alteration in the S
protein have replaced the original D614 variants and become the dominant form globally. In
patients infected with the G614 variant, higher viral loads have been detected, but clinical
data does not suggest a significant association between the D614G alteration and disease
severity[60]. Pseudo typed viruses carrying the S protein with the G614 alteration have
exhibited higher infectious titers compared to those carrying the S protein with D614,
indicating a potential increase in the infectivity of SARS-CoV-2[60]. However, it is essential
to note that results obtained from in vitro experiments using pseudo-virus models may not
precisely reflect natural infection. Therefore, further studies using wild-type SARS-CoV-2
variants and different target cells and animal models are needed to validate these findings[1].
Another noteworthy mutation in SARS-CoV-2 evolution is a single-nucleotide polymorphism
at nucleotide position 28,144, resulting in an amino acid substitution of Ser for Lys at residue
84 of the ORF8 protein. Variants carrying this mutation form a distinct subclade referred to as
"clade S"[50,61]. However, the available sequence data is currently insufficient to fully
understand the early global transmission history of the virus. Factors such as travel patterns,
founder effects, and public health measures play a significant role in the spread of specific
lineages, regardless of potential biological differences among different virus variants[1].

7. Transmission

SARS-CoV-2 spreads efficiently through various transmission routes, with respiratory
transmission being the primary mode of infection. Respiratory droplets released when an
infected person coughs, sneezes, talks, or breathes can be inhaled by nearby individuals,
leading to infection. Additionally, aerosols may play a significant role in transmission,
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especially in crowded and poorly ventilated spaces[62,63]. Apart from respiratory
transmission, emerging evidence suggests the possibility of the oral-fecal route as another
means of virus dissemination. SARS-CoV-2 RNA has been detected in stool samples of
patients with COVID-19[64], raising concerns about the potential role of sewage in viral
transmission. Researchers are exploring biosorbents capable of retaining and inactivating the
virus to mitigate any environmental transmission risks[65]. Furthermore, SARS-CoV-2 has
been detected in saliva[66], attributed to the presence of ACE2 receptors in the salivary gland
ducts. This finding adds to our understanding of how the virus may spread and highlights the
importance of saliva-based testing for early detection and control of the disease[67].
Interestingly, urine samples from COVID-19 patients have shown viral RNA positivity. While
the extent of viral shedding in urine and its potential infectivity remain to be established, this
finding underscores the need for comprehensive testing methods to accurately diagnose
COVID-19[68]. The virus can also survive on various surfaces, such as door handles and cell
phones, posing a risk of infection to individuals who touch contaminated surfaces and
subsequently touch their eyes, nose, or mouth. Ensuring regular disinfection of frequently
touched surfaces and practicing good hand hygiene are essential preventive measures[62].
Regarding vertical transmission, the evidence remains inconclusive. Although there have been
reports of no mother-to-child transmission during pregnancy or breastfeeding[69], a recent
case involving an infant with elevated IgM against SARS-CoV-2 indicates the possibility of
in utero infection[70]. Further research is required to fully understand the mechanisms of
vertical transmission.

Additionally, the eyes may serve as a potential route of transmission. SARS-CoV-2 RNA has
been detected in ocular swabs, suggesting the virus's presence in ocular secretions[71]. Inspite
of the fact that data is lacking, taking precautionary measures such as wearing goggles while
examining suspected or confirmed COVID-19 patients is advisable[72].

In summary, understanding the various transmission routes of SARS-CoV-2 is crucial for
implementing effective public health strategies to control the spread of COVID-19.
Combining rigorous preventive measures, widespread testing, and continued research will be
essential in mitigating the impact of this ongoing global health crisis.

8. Infection cycle

8.1. Entry mechanism
The mechanism by which SARS-CoV-2 gains entry into human host cells involves a series of
complex and finely orchestrated steps. The viral entry proteins play a critical role in this
process, as they must first attain an energetically stable conformation, and subsequently
undergo a conformational transition that provides the necessary energy to overcome the
inherent repulsion between the virus and the cellular membranes. To achieve this delicate
balance, the spike (S) protein of SARS-CoV-2 adopts a metastable state, which exhibits a
tendency to transform into a lower-energy state prior to the actual membrane fusion event.
This transition is facilitated by two proteolytic cleavage events that occur following the
binding of the S protein to ACE2 receptors on the surface of host cells[73]. Fig 1.7 illustrates
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the entry steps. It shows the two cleavage sites that are crucial for entry: one at the S1-S2
junction during virus maturation (internal to S2 subunit) and the other at the S2’ site following
ACEZ2 binding. Depending on the entry route, different proteases cleave the S2' site[73].

Interestingly, the cleavage of the S protein at specific sites is a crucial prerequisite for the
subsequent fusion process. The first cleavage site, known as the S1-S2 boundary, is localized
to the junction between the S1 and S2 subunits of the spike protein. The second cleavage site,
referred to as the S2' site, is found within the S2 subunit[74]. In the case of SARS-CoV, both
of these sites are cleaved by proteases present in the target cell. However, for SARS-CoV-2,
there is a difference in the cleavage pattern. The S1-S2 boundary is cleaved by the furin
protease in the virus-producer cell (as shown in Fig 1.8), while the cleavage at the S2' site still
relies on proteases in the target cell[75,76]. The dependence on target-cell proteases for both
viruses implies that the availability and activity of these proteases significantly impact the
efficiency of viral entry[77].

Two primary proteases involved in the activation of the S protein are Transmembrane
Protease Serine 2 TMPRSS2 and cathepsin L. TMPRSS2 is a serine protease with type 1l
transmembrane characteristics[73], and although its specific physiological role and substrate
specificity remain incompletely understood, it has undergone extensive research in relation to
respiratory virus infections, including those caused by SARS coronaviruses. TMPRSS2 is
expressed in various tissues, such as the gastrointestinal, respiratory, and urogenital
epithelium, making it a key player in viral entry[78,79]. In the case of SARS-CoV-2, there are
two possibilities for the viral entry: TMPRSS2-mediated S protein activation that occurs at the
plasma membrane since this protease is present on the cell surface. On the other hand, there is
the cathepsin-mediated activation that occurs within the endolysosomes. These two entry
processes are fully illustrated in Fig 7. The presence of TMPRSS2 at the cell surface enables
S protein activation to occur directly at the plasma membrane, while cathepsin-mediated
activation relies on internalization of the virus-ACE2 complex into the endosomes for
subsequent cleavage[73].

Once the S protein has undergone the necessary cleavage events, it undergoes a series of
structural rearrangements to facilitate membrane fusion as shown in Fig 1.9. The receptor-
binding domain (RBD) of the spike protein plays a crucial role in this process. The RBD
samples both "up" and "down™ conformations due to intrinsic protein dynamics. However,
binding of ACE2 captures the RBD in the "up" conformation, leading to the expulsion of the
630 loop and the fusion peptide proximal region (FPPR) from their positions in the closed S
trimer conformation. This event exposes the S2' cleavage site near the fusion peptide for
proteolytic cleavage. The dissociation of the 630 loop from the hydrophobic surface of the C-
terminal domain 2 (CTD2) destabilizes the domain, freeing the N-terminal segment of S2
from S1. This results in the release of the S1 subunit altogether, facilitated by the precleavage
of the S1-S2 boundary by furin protease. The dissociation of S1 initiates a cascade of
refolding events in the S2 subunit, enabling the transition to a stable postfusion structure. In
this process, the fusion peptide (FP) of S2 is inserted into the target cell membrane, and the
heptad repeat 1 (HR1) undergoes unfolding[73,80,81], while HR2 folds back, bringing the
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fusion peptide and transmembrane segments closer together. This rearrangement leads to the
bending of the membranes, eventually facilitating membrane fusion[82].

Apart from the direct involvement of proteases and viral entry proteins, various cellular
proteins also play a significant role in either restricting or promoting viral entry. Toll-like
receptors (TLRs) are an essential component of the innate immune system and recognize
pathogen-associated molecular patterns. When activated by the presence of SARS-CoV-2
RNA, certain TLRs trigger the production of proinflammatory cytokines, contributing to the
host's immune response. Interferon-stimulated gene products (IFITMs) and lymphocyte
antigen 6 family member E (LYG6E) are cellular proteins that influence viral entry. IFITMs are
induced by type | and type Il interferons and restrict viral entry by preventing viruses from
traversing the endosomal membrane to access the cellular cytoplasm. LY6E, a cell surface
protein, has been found to inhibit S protein-mediated membrane fusion, potentially affecting
the efficiency of viral entry.

The understanding of the intricate and multifaceted SARS-CoV-2 entry mechanism provides
valuable insights that can aid in the development of antiviral strategies. By targeting specific
steps involved in viral entry, researchers may identify potential therapeutic interventions to
combat COVID-19 effectively. Continuous exploration and investigation into the molecular
details of the virus-host interactions will be crucial in the ongoing battle against the global
pandemic.
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8.2. Viral Protein Translation Process

Upon the introduction of the coronavirus genome into the host cytoplasm, a sophisticated and
finely orchestrated cascade of viral gene expression is initiated[83]. Fig 1.10 illustrates all the
infection cycle: The schematic illustrates the comprehensive life cycle of SARS-CoV-2. The
initial step involves the binding of the virus's spike (S) glycoprotein to the ACE2 receptor on
the host cell's surface, triggering endocytosis. Subsequently, the viral genomic RNA is
released into the cytoplasm, initiating a cascade of events. The positive-sense genome
undergoes transcription and translation, yielding nonstructural proteins (nsps), including key
components like the RNA-dependent RNA polymerase and helicase. These proteins
collaborate to form the RdRp complex. Within this complex, subgenomic transcription and
RNA replication transpire, generating both negative-strand guide RNA (gRNA) and a
collection of subgenomic RNAs crucial for viral replication and transcription. The newly
formed subgenomic RNAs serve as templates for the synthesis of vital viral structural
proteins, including spike (S), nucleocapsid (N), membrane (M), and envelope (E) proteins.
The ensuing stages encompass the insertion of these structural proteins into the rough
endoplasmic reticulum (ER) membrane. Subsequently, they are transported to the ER-Golgi
intermediate compartment (ERGIC), where they unite with RNA encapsulated by the
nucleocapsid (N) protein, culminating in the assembly of fully formed viral particles. The
final phase of the cycle involves the release of these virions from the host cell through
exocytosis, completing the virus's life cycle. More details of each step are explained below.

The gene expression process culminates in the synthesis of two pivotal polyproteins, ppla and
pplab, facilitated by the translation of Open Reading Frame la (ORFl1a) and Open Reading
Frame 1b (ORF1b) from the viral genomic RNA. It is noteworthy that the expression of
pplab necessitates a programmed-1 ribosomal frameshift event positioned between ORFla
and ORF1b. The quantification of frameshift efficiency can be undertaken using ribosomal
profiling techniques. In the case of SARS-CoV-2, the levels of ppla expression surpass those
of pplab by approximately 1.4-2.2 times[85].

Through a combination of co-translational and post-translational mechanisms, guided by viral
proteases nsp3 and nsp5, sixteen non-structural proteins are liberated from ppla (nspl-11)
and pplab (nsp1-10, nsp12-16). Significantly, fifteen of these proteins congregate to form the
Replication and Transcription Complex (RTC), which plays an indispensable role in the
virus's life cycle. This RTC harbors a suite of enzymes responsible for RNA processing, RNA
modification, and RNA proofreading. Among these enzymes, the viral RNA-dependent RNA
polymerase (RdRp), denoted as nspl12, collaborates harmoniously with its cofactors, nsp7 and
nsp8, to execute RNA synthesis, concomitant with a 3’-terminal adenylyl-transferase activity.
The bifunctional nature of nsp14 encompasses both a 3" to 5’ exoribonuclease (ExoN) domain
and a guanine-N7-methyltransferase (N7-MTase) domain. Previous studies underscore the
critical role of nsp14's ExoN function in enhancing the fidelity of SARS-CoV replication over
extended periods. Notably, recent biochemical analyses of MERS-CoV and SARS-CoV-2
mutants have unveiled an expanded role of ExoN beyond fidelity maintenance, involving a
more direct contribution to RNA synthesis for these viruses[86].
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In addition to their enzymatic functions, non-structural proteins contribute essential ancillary
roles to sustain the RTC's operations. These roles encompass modulating intracellular
membranes, evading the host immune response, and providing cofactors that expedite the
replication process. The final third of the SARS-CoV-2 genome is earmarked for genes
encoding viral structural and accessory proteins. Among these, the spike protein (S),
nucleocapsid protein (N), membrane protein (M), and envelope protein (E) play pivotal roles.
For instance, the S1 subunit of the spike protein facilitates attachment to the ACE2 receptor,
while the S2 subunit drives membrane fusion. Similarly, the N, M, and E proteins assume
distinct responsibilities in various facets of viral functioning, maturation, and assembly,
collectively orchestrating the virus's life cycle[87].
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8.3. Variants of concern in Algeria
Phylogenetic analysis of SARS-CoV-2 in Algeria revealed valuable insights on the genomic
diversity of the virus. The analyzed genomes formed fifteen distinct clades, including the
Delta variant (AY.X, B.1.617.2), which is classified as a variant of concern (VOC) by the
World Health Organization (WHO)[158]. As shown in Fig 11, the Nextclade analysis
revealed that seventeen of the 36 SARS-CoV-2 genomes belonged to the Delta clade (21J),
with the rest being part of clades 20A, 20B, and 20C[158].

Various mutations detected within Algerian sequences. Notable non-synonymous mutations
were identified, including T851 in the nsp2 gene, P423L in the nspl2 gene, D614G in the S
gene, and Q57H in the ORF3a gene[159]. Additionally, amino acid replacements
characteristic of newly identified SARS-CoV-2 variants were found, including H69del,
V70del, E484K, Y144del, and Q52R[159]. These mutations emerged after repatriation of
Algerian nationals from abroad and were associated with heightened vigilance and lockdown
measures[159].

Distinct mutations were also reported. For instance, the T10041 replacement in the nsp3 gene
was unique to an Algerian sequence and had previously been reported in the early stages of
the pandemic in the USA[159]. This connection suggested either travel history to the USA or
contact with an individual linked to the USA-originated infection[159].

Furthermore, deleterious mutations that had functional implications were found. A deleterious
amino acid replacement A130V in the RdRp gene and a non-synonymous replacement
N874H in the NSP12 gene were detected. These mutations were observed in limited
worldwide samples and could potentially impact viral replication and infectivity[159].

The diversity of viral genomes in Algeria can be categorized into five lineages (Fig 1.11).
Lineage A was considered the root of the pandemic, with sequences originating from China.
Algerian sequences within this lineage exhibited associations with various clades, including
B.1.1.7 (UK), B.1.351 (South Africa), and B.1.525 (Nigeria) related mutations[158,159].

8.4.BA.2.86 variant (Pirola): A new VOC?
Scientists are currently in a race to ascertain the potential global significance of a highly
mutated coronavirus variant that has emerged on multiple continents. The variant, nhamed
BA.2.86 (or Pirola as some media outlets named it), was detected by various laboratories
recently. Unlike other prevalent variants, BA.2.86 displays distinct characteristics and
possesses numerous alterations in its spike protein, a crucial element in the immune response
against the SARS-CoV-2 virus[160].

The emergence of BA.2.86 has evoked parallels to the appearance of the Omicron variant in
late 2021, when an unusual lineage was identified in southern Africa and subsequently spread
worldwide. The increased global immunity due to successive COVID-19 waves and booster
vaccine campaigns suggests that BA.2.86 might not replicate the impact of Omicron. While
expectations lean towards a less significant effect similar to the Omicron wave, it is still early
in the assessment phase[161].
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Efforts to comprehend BA.2.86's attributes and implications are explored. The variant, linked
to six cases across four countries by August 21 2023, has garnered attention from the World
Health Organization, which designated it as a 'variant under monitoring'. The lineage appears
to have descended from the Omicron subvariant BA.2 but exhibits 34 distinct changes in its
spike protein compared to BA.2. This significant mutation count likely originates from a
chronic SARS-CoV-2 infection[161].

BA.2.86's distinctiveness has engendered close scientific observation. Unlike the anticipated
pattern of SARS-CoV-2 evolution after Omicron's emergence, BA.2.86 is dramatically
different from prevalent variants. This uniqueness, akin to the onset of Omicron and early
pandemic variants like Alpha and Delta, has prompted vigilance from researchers[161].

Researchers are particularly intrigued by BA.2.86's impact on immune response. Numerous
alterations in regions targeted by neutralizing antibodies suggest the variant's potential to
elude immunity from past infections and vaccine boosters. Additionally, the variant's wide
geographical distribution has captured attention, with unlinked cases indicating possible
widespread transmission[161].

Current investigations focus on gauging BA.2.86's prevalence through patient samples and
wastewater analysis. Isolation efforts and studies involving safe SARS-CoV-2 models aim to
understand the variant's ability to evade neutralizing antibodies. Researchers are particularly
keen on assessing the variant's interaction with antibodies triggered by the XBB.1.5 variant,
the basis for the latest COVID-19 booster vaccines[161].

While vigilance is warranted, widespread concern about BA.2.86 is deemed unnecessary.
Researchers emphasize that even if the variant becomes prevalent and adept at evading
neutralizing antibodies, other forms of immunity should prevent severe illness in most
individuals. The emergence of BA.2.86 underscores SARS-CoV-2's unpredictability and
ongoing exploration into its characteristics and implications for public health[161].

8.5. What the future may hold
Looking ahead, the evolution of SARS-CoV-2 brings forth potential scenarios. Variants like
Alpha and Delta were linked to higher transmissibility and some immune evasion. However,
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Fig .11 Distribution of various SARS-CoV-2 clades and lineages from Algeria[159]
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Omicron's rise was fueled by immune evasion, supplanting Delta. This suggests scenarios of
co-circulating lineages or dominance of one, affecting public health[128,145]. Identifying key
mutations early is possible, but their impact often hinges on others. Effective early warnings
need comprehensive variant data and epidemiological insights. Wastewater surveillance aids
in detecting hidden transmission. A positive scenario envisions drift within Omicron,
combining immunity from prior infection and vaccination for protection. Yet, emergence of
distinct variants from prolonged viral persistence in immunocompromised individuals is
possible. These scenarios could impact virulence and public health outcomes[128,145].
SARS-CoV-2's future relies on emerging variants, vaccine development, and virulence
evolution. Without eradication, the virus might become endemic with seasonal shifts. It's vital
to remember endemicity doesn't guarantee safety; the pandemic-to-endemic shift is
unpredictable. Adapting public health strategies according to evolving epidemiology is
crucial. Despite growing understanding, the virus's evolution remains uncertain[128,145].

9. Vaccines

Following the release of the SARS-CoV-2 genome sequence on January 11th, 2020, an
unparalleled effort in terms of both rapidity and scale was initiated to create a vaccine
targeting COVID-19. According to WHO, as of 6:30pm CEST, 16 August 2023, a total of
13499 865 692 vaccine doses have been administered, among which 5 149 830 832 persons
vaccinated with a complete primary series. Fig 1.12 illustrates the distribution of the number
of vaccines per 100 people. Most countries in America, Europe, Asia, and Australia have
vaccination coverage greater than 100, indicating that most people have administered a
second dose. On the other hand, African countries have less vaccination rate. Madagascar,
among others, has a very low vaccination rate of less than 20 doses administered per 100
population. Countries like Egypt, Tunisia, and Morocco have much higher vaccination
coverage of >100. In Algeria, a total of 15267 442 vaccine doses have been administered as
of 4 September 2022, with a vaccination coverage ranging from 20 to 39 per 100 population.
This variability in the vaccination coverage Within Africa can be due to different financial
ability to buy vaccines and different vaccination policy in the absence of a unified approach in
contrast to Europe (European Union).
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Fig 1.12 Vaccination coverage in the world (WHO)

9.1. Approved vaccines

11.1.1. Nucleic acid vaccines: The mRNA-1273 vaccine candidate, a product of
collaboration between Moderna and the US National Institute of Allergy and Infectious
Diseases (NIAID), employs a small segment of genetic material called messenger RNA
(mRNA) to direct cells to manufacture a protein located on the surface of the SARS-CoV-2
virus. This protein subsequently triggers an immune recognition, leading to the production of
an immune response that offers potential protection against the virus[162]. Encouraging
results had emerged from initial clinical trials, showcasing elevated levels of neutralizing
antibodies and robust T cell reactions. Phase 3 trial involving 30,000 participants, this vaccine
is administered in two doses spaced 28 days apart. Notably, safety and tolerability have been
demonstrated[162].

11.1.2. Non-replicating viral vectored vaccines: AZD1222, originating from the
University of Oxford and AstraZeneca, is a vaccine contender that employs a weakened form
of an adenovirus (a common cold virus) to ferry genetic material from the SARS-CoV-2 virus
into cells. This genetic information prompts cells to generate a protein found on the virus's
surface, thereby prompting an immune response. Clinical trials have showcased promising
outcomes, highlighting substantial levels of neutralizing antibodies and robust T cell
responses. The Phase 3 trial encompassed 50,000 participants. It involves a two-dose regimen
administered four weeks apart and has demonstrated safety and tolerability[162].

11.1.3. Inactivated virus vaccines: Developed by Sinovac Biotech, the CoronaVac
vaccine candidate leverages inactivated SARS-CoV-2 virus to stimulate an immune reaction.
Clinical trials have demonstrated promising results, with significant levels of neutralizing
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antibodies. The Phase 3 trial involved 9,000 participants in Brazil. Administered in two doses,
separated by a 14-day interval, the vaccine has displayed safety and tolerability[162].

11.1.4. Recombinant subunit vaccines: NVX-CoV2373, a vaccine contender from
Novavax, utilizes a protein present on the surface of the SARS-CoV-2 virus to induce an
immune response. Employing recombinant DNA technology, this involves introducing
genetic material from the virus into cells for protein production. Encouraging outcomes from
preliminary clinical trials include robust levels of neutralizing antibodies and noteworthy T
cell responses. The vaccine's administration involves a multi-dose approach. It has
demonstrated a positive safety and tolerability profile in early stages of assessment[162].

9.2. Vaccines Comparison: Pfizer, Moderna, and Johnson & Johnson

Pfizer and Moderna have developed vaccines utilizing messenger RNA (mMRNA) technology
that encodes the spike protein of the SARS-CoV-2 virus. On the other hand, Johnson &
Johnson has formulated a vaccine based on an adenovirus vector platform[163]. Distinctively,
the dosing regimen varies between these vaccines, as Pfizer and Moderna vaccines necessitate
a two-dose administration, whereas the Johnson & Johnson vaccine is administered as a single
dose. Noteworthy is the disparity in efficacy rates, with Pfizer and Moderna exhibiting an
efficacy of 95.0% against moderate and symptomatic SARS-CoV-2 infection, while the
Johnson & Johnson vaccine showcases an efficacy of 66.0%. Age-wise, Pfizer and Moderna
vaccines are sanctioned for individuals aged 12 and above, whereas the Johnson & Johnson
vaccine's authorization extends to those aged 18 and older. Storage requisites further
differentiate these vaccines, with Pfizer and Moderna vaccines demanding ultra-cold storage,
in contrast to the Johnson & Johnson vaccine which maintains stability under standard
refrigeration temperatures[163].

Potential vaccine side effects were examined[163], predominantly characterized by mild to
moderate manifestations that tend to resolve autonomously within a few days. The prevailing
side effects for Pfizer and Moderna vaccines include localized pain and swelling at the
injection site, fever, fatigue, headache, chills, and muscular as well as joint discomfort.
Analogously, the Johnson & Johnson vaccine leads to analogous side effects such as injection
site pain and swelling, headache, fatigue, muscle ache, and nausea. Severe adverse effects
remain exceedingly rare occurrences[163].

As for the efficacy of these vaccines against emerging coronavirus variants, ongoing research
continues to illuminate this facet. Notably, efficacy has demonstrated some decline against the
Delta variant, which has been earmarked as a significant variant of concern by the World
Health Organization. In a specific context, in Qatar, the vaccine's efficacy against B.1.617.2
infection was established at 64.2% fourteen days following the initial dose, and 53.5%
fourteen days after the second dose, demonstrating its efficacy in averting hospitalization and
mortality[164]. While its capacity to prevent infection was comparatively reduced, it
remained effective in mitigating the more severe outcomes of hospitalization and fatality.
Similarly, within the United Kingdom, efficacy was determined at 33.5% after the first dose
and 59.8% after the second dose against the B.1.617.2 variant in preventing symptomatic
infection[163].
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10.Potential drugs

Approaches aimed at combating SARS-CoV-2 encompass a range of strategies such as the
development of vaccines, repurposing existing drugs, designing novel antiviral agents, and
therapeutic antibodies[84]. Consequently, certain pharmaceutical compounds have been
meticulously designed to impede the formation of the viral capsid by engaging van der Waals
forces, establishing hydrogen bonds, and orchestrating electrostatic interactions directly with
the capsid structure. Conversely, other compounds exert their influence by modifying the
intermolecular forces that uphold the integrity of the capsid, thereby disrupting its capacity to
adhere to and infiltrate host cells[84]. Moreover, an array of small molecule inhibitors is
directed towards several non-structural proteins, including the S-protein, M-protein, and
RdRp, with a focus on binding to their respective enzyme active sites. Notably, some of these
pharmaceutical agents are already accessible[84]. To illustrate, a multitude of in silico
screening endeavors have revealed parallels between SARS-CoV-2 and other non-
coronaviruses, thereby facilitating the repurposing of a variety of existing antiviral
medications and drugs that are presently available in the market[84].

10.1. Novel drugs in phase 111

1.1.1. PF-07321332(Paxlovid)

Paxlovid, a product of Pfizer, is an antiviral drug that combines nirmatrelvir, an inhibitor of
the SARS-CoV-2 3CLpro responsible for viral growth, and ritonavir, a booster that enhances
the efficacy of nirmatrelvir[165]. Initial tests of Paxlovid on SARS-CoV-1 showed promise,
prompting evaluation against SARS-CoV-2. Laboratory experiments revealed encouraging
results, with an 88% reduction in hospitalization and mortality among unvaccinated
individuals. While a subsequent trial on vaccinated individuals with risk factors did not yield
significant recovery acceleration, Paxlovid gained FDA approval for older SARS-CoV-2
patients based on its efficacy in reducing hospitalization risk[165].

1.1.2. S-217622

S-217622 is the first nonpeptidic, noncovalent, 3CLpro oral inhibitor candidate for treating
COVID-19[166]. It was developed by by Shionogi [Osaka, Japan][167]. The prevailing
inhibitors were based on peptide substrate mimics with covalent warheads that interacted
covalently with Cys145 in the active site of 3CLpro. It was anticipated that these peptidic and
reactive structural aspects could lead to challenges in the drug's pharmacokinetic properties,
including oral bioavailability issues arising from poor cell permeability, metabolic instability,
and susceptibility to degradation in the bloodstream. In response, a comprehensive search for
nonpeptidic 3CLpro inhibitors was initiated using a structure-based drug design SBDD
approach, aiming to address the ongoing SARS-CoV-2 pandemic[166].

S-217622 exhibited encouraging preclinical attributes as a once-daily oral therapy for
COVID-19. It demonstrated potent antiviral activity against notable variants of concern, a
prolonged elimination half-life in vivo, particularly in monkeys and dogs, excellent oral
bioavailability, and marked efficacy in a mouse model infected with SARS-CoV-2. These
promising characteristics prompted the advancement of S-217622 into clinical trials, which
are currently ongoing[166].
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1.1.3. AT-9010

AT-9010, an RdRp inhibitor developed by y Roche [Basel, Switzerland] and Atea [Boston,
MA, USA][167], exhibits proficient integration into viral RNA, triggering immediate
cessation of the RNA chain and demonstrating resilience against removal[168]. While the
specific effects of AT-9010 on individual processes remain unclear, it effectively obstructs
NMPylation activities (the enzymatic process of transferring a nucleotide monophosphate
(NMP) group to a target molecule, typically a protein or a nucleic acid) involving nsp8 and
nsp9, potentially impacting subsequent procedures like RNA capping, DNA/RNA ligation,
and priming of RNA synthesis[168]. Notably, AT-9010's concurrent engagement with RdRp
and NiRAN activities provides significant impetus for COVID-19 treatment, lessening the
likelihood of simultaneous resistance mutations and aiding in managing the emergence of
SARS-CoV-2 variants. This attribute gains special significance considering the genetic
stability of SARS-CoV-2 throughout the ongoing pandemic[168].

10.2. Drug repurposing
Drug repurposing, a promising avenue in therapeutic agent development, explores novel
applications for existing drugs[169,170]. This approach involves investigating established
antiviral medications, originally intended for malaria, MERS, and SARS, for potential
COVID-19 treatment. Some of these agents are currently undergoing clinical trials to assess
their effectiveness against COVID-19 infection[171].

1.1.4. RNA-Dependent RNA Polymerase Inhibitors
Among the captivating drug targets for SARS-CoV-2 are the RNA-dependent RNA
polymerase (RARP) and a viral enzyme crucial for viral RNA replication within host cells.
RdRP, being a viral enzyme distinct from host cell homologs, opens possibilities for
developing selective inhibitors with heightened potency and minimal off-target effects.
Notably, two nucleoside analogs, remdesivir and favipiravir, have been used for treating
hospitalized COVID-19 patients[172].

Recent research identifies remdesivir as a potential COVID-19 treatment[173]. Functioning
by inhibiting RNA polymerase and integrating into nascent viral RNA, remdesivir yields two
significant outcomes: termination of the viral RNA chain and inhibition of viral genome
replication. While remdesivir was found ineffective against Ebola, its human safety profile
facilitated swift clinical trials for COVID-19 treatment and prevention[174]. Studies involving
MERS-CoV infected mice demonstrated remdesivir's reduction of lung viral load, improved
lung function, and reduced lung tissue damage[175]. Similar favorable effects were witnessed
in both in vivo and in vitro tests against SARS-CoV and MERS-CoV[176].

Favipiravir, requiring activation through phosphoribosylation, emerged as a therapeutic
option, gaining approval for managing novel influenza in China. It was introduced in Wuhan
for treating SARS-CoV-2 infections and later approved for emergency use in various
countries[177]. Studies indicated that patients administered favipiravir exhibited reduced
pneumonia symptoms[178].
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1.1.5. Ebselen

Ebselen, previously recognized for its antiviral potency against diverse viruses, including
HIV-1, HCV, influenza A, and Zika virus, has demonstrated promise in mitigating liver injury
triggered by chemical and microbial factors. Given the correlation between severe COVID-19
cases and liver injury, ebselen's potential benefits are notable[177]. Furthermore, ebselen's
efficacy in managing focal ischemic injury and reducing IL-6 suggests potential benefits in
safeguarding SARS-CoV-2 infected patients from venous thrombosis and vascular
injury[179]. However, conclusive evidence necessitates randomized clinical trials to
substantiate its incorporation into treatment regimens[180].

1.1.6. Arbidol
Arbidol's broad-spectrum inhibition against parainfluenza, influenza A and B viruses, and
hepatitis C virus has led to its consideration as a preventive agent among health
professionals[177]. Notably, its synergistic effect with interferons enhances its therapeutic
potential against coronaviruses[181].

1.1.7. Interferons
Interferons, recognized for their antiviral properties, have garnered interest for managing
COVID-19. Interferon-a, with its broad-spectrum antiviral activity, is particularly notable.
While it has shown effectiveness against SARS-CoV replication, its partial efficacy against
coronavirus highlights the complexities of its antiviral mechanisms[182,183].

1.1.8. Protease Inhibitor

Protease inhibitors, which are vital for viral replication within host cells, hold potential for
treating severe acute respiratory syndrome virus 2. Lopinavir/ritonavir, known for managing
HIV, have been explored for COVID-19 treatment due to their effectiveness against
MERS[177]. Studies reveal their capability to inhibit COVID-19's proprotease and their
effectiveness against MERS and SARS viruses[184,185]. Though exhibiting some advantage
in COVID-19 patient outcomes, the effectiveness of lopinavir/ritonavir combination remains
modest[177].

1.1.9. lvermectin
Ivermectin, with its broad-spectrum antiviral activity against various viruses, exhibits
potential by targeting viral nuclear transport processes, particularly significant for RNA
viruses[186].

1.1.10. Melatonin
Melatonin, recognized for its immune-modulatory role, plays a pivotal role in attenuating
cytokine storms associated with severe COVID-19 cases, thus reducing mortality and
morbidity[187].

1.1.11. Teicoplanin
Teicoplanin, known for inhibiting viral replication through the cleavage of viral spike protein,
holds potential as a therapeutic agent for COVID-19 treatment[188].
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1.1.12. 5-Alpha Reductase Inhibitors
Finasteride and dutasteride, 5-alpha reductase inhibitors, offer promise in mitigating severe
COVID-19 by altering hormone-related factors[177].

1.1.13. Spironolactone
Spironolactone, an antihypertensive with potential antiandrogenic effects, presents
opportunities for safeguarding against COVID-19 by addressing hormone-related
factors[177].

1.1.14. Sildenafil/Tadalafil
PDES5 inhibitors like sildenafil and tadalafil, under investigation for COVID-19, show
promise in preventing fibrosis and improving respiratory parameters[189].

1.1.15. Statins
Statins, recognized for anti-inflammatory effects, are being studied for their potential in
improving outcomes in severe COVID-19 cases[177].

1.1.16. N-Acetylcysteine
N-Acetylcysteine, known for its antioxidant and immune-modulatory effects, has potential in
inhibiting viral replication through negative regulation of Nuclear Factor-kappa B NF-
«kB[190].

1.1.17. Bromhexine Hydrochloride
Bromhexine hydrochloride, an over-the-counter expectorant, presents as a potential COVID-
19 treatment candidate based on its efficacy against TMPRSS2 protease[191].

1.1.18. Chloroquine Phosphate or Hydroxychloroquine
Chloroquine and hydroxychloroquine, with a history of antiviral effects, are being evaluated
for COVID-19 treatment. Their mechanism involves hindering viral binding and
replication[192,193].

1.1.19. Corticosteroids
Corticosteroids, despite concerns about immunosuppression, have been effective in reducing
mortality rates in severe COVID-19 cases[177].

10.3. Traditional medicine
The utilization of traditional medicinal practices to manage infectious diseases has witnessed
a surge, driven by several factors, including the involvement of various concerned entities in
the development and investigation of herbal-based remedies[194,195]. Recent investigations
have delved into the therapeutic potential of herbal medicines for combating COVID-19[196].
Historical precedent exists for the use of plant-derived herbal remedies in addressing various
outbreaks, such as HIN1 influenza and SARS[197,198]. Presently, nations such as South
Korea and China have endorsed guidelines pertaining to the use of traditional medicine in the
context of COVID-19 management[199]. Notably, in China, a substantial eighty-five percent
of COVID-19 patients have received traditional medicinal interventions[196]. A recent study
has unveiled that traditional remedies have the potential to competitively target the
angiotensin-converting enzyme 2 receptor, akin to SARS-CoV-2 and SARS-CoV, thus
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opening avenues for leveraging traditional medicine in managing SARS-CoV-2
infections[200].

Among the array of plant-based traditional medicines employed for managing COVID-19 in
China, notable instances include Radix platycodonis, Agastache rugosa, Saposhnikoviae
divaricata, Lonicerae japonicae flos, Astragalus membranaceus, Rhizoma Atractylodis
Macrocephalae, Glycyrrhiza uralensis, Atractylodis Rhizoma, Fructus forsythia, and
Cyrtomium fortunei J. Sm[201].

11. Conclusion

Research and development of potential drugs and treatments for COVID-19 is still ongoing
worldwide. However, traditional drug design and discovery techniques are time-consuming,
extremely expensive, and usually fail in clinical trials. This is why Computer-Aided Drug
Design CADD has emerged in recent year as a preliminary step to the wet lab experiments,
taking advantage of advances in Artificial Intelligence Al and in computational hardware. The
next chapter discusses CADD most famous techniques and their applications in identifying
and discovering drugs for SARS-CoV-2.
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CHAPTER 11
Computer-Aided Drug Design




1. Introduction

In the ever-evolving landscape of pharmaceutical research and drug development, Computer-
Aided Drug Design CADD has emerged as a powerful and indispensable tool[202]. This
chapter delves into three pivotal aspects of CADD: Structure-Based Drug Design SBDD,
Ligand-Based Drug Design LBDD, and Virtual Screening VS. These methodologies,
underpinned by computational algorithms and simulations, have revolutionized the way we
identify and optimize potential drug candidates[202]. By harnessing the synergy between
cutting-edge technology and molecular insights, CADD has significantly accelerated the drug
discovery process, making it more efficient, cost-effective, and tailored to the specific needs
of modern medicine[203-208]. This chapter explores the principles, techniques, and
applications of SBDD, LBDD, and VS, as these computational approaches continue to shape
the future of pharmaceutical innovation.

2. Computer-aided drug design

The process of drug discovery is an extensive endeavor, spanning approximately 10-15
years[209], and incurring costs of up to 2.558 billion USD to bring a drug to market[210].
This intricate process involves several stages, commencing with the identification of a
suitable drug target, followed by the validation of said target, progressing through hit-to-lead
discovery, lead molecule optimization, and culminating in preclinical and clinical
investigations[202]. Despite substantial investments in time and resources for new drug
discovery, the success rate in clinical trials stands at a mere 13%, coupled with a notable rate
of drug attrition[202]. In a significant proportion of instances (40-60%), later-stage drug
failures can be attributed to suboptimal pharmacokinetic attributes pertaining to absorption,
distribution, metabolism, excretion, and toxicity ADMET[202].

Computer-Aided Drug Design (CADD) refers to the interdisciplinary field that integrates
computational techniques and methodologies into the process of drug discovery and
development. It involves the utilization of computational tools to predict and model
interactions between drug molecules and biological targets, thereby facilitating the
identification of potential drug candidates[43]. The integration of computer-aided drug
discovery (CADD) techniques has proven pivotal in expediting the drug development process
and mitigating costs and final-stage failures[208,211]. Notably, rational drug design, an
integral facet of CADD, furnishes valuable insights into the binding affinity and molecular
interactions between target proteins and ligands. The provision of supercomputing
capabilities, parallel processing, advanced algorithms, and tools has facilitated lead
identification in pharmaceutical research[212]. Additionally, recent strides in artificial
intelligence (Al) and machine learning methodologies have significantly enhanced the
analysis, comprehension, and interpretation of pharmaceutical-related big data within the
realm of drug discovery[213].

Various methodologies, such as pharmacophore modeling, quantitative structure-activity
relationship (QSAR), molecular docking, quantum mechanics, and statistical learning, are
harnessed for identifying new inhibitors from chemical databases[202]. CADD encompasses
two predominant approaches: structure-based and ligand-based drug design. Both
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methodologies find widespread application in identifying suitable lead molecules. The former
relies on the three-dimensional structure of the target receptor and its active sites to elucidate
molecular interactions with ligands[202]. Conversely, ligand-based drug design hinges on
knowledge of ligand interactions with a given target receptor. The realm of computer-aided
drug design boasts numerous success stories and continues to be a pivotal force in the drug
discovery domain[202].

Nonstructural and structural proteins of SARS-CoV-2 present promising avenues for
designing antiviral agents against COVID-19[202]. Given the elevated mortality rate COVID-
19, the expeditious discovery of novel drugs is imperative[43]. Here, computer-aided drug
design emerges as a critical tool for identifying novel therapeutics. The prospect of harnessing
natural lead molecules obtained through virtual screening and pharmacokinetic prediction
holds promise for developing effective lead molecules against COVID-19[214]. In the race to
identify potential treatments for SARS-CoV-2 infection, repurposing broad-spectrum antiviral
drugs proves a viable strategy due to the availability of pharmacokinetic and
pharmacodynamic data for these agents[214].

1. Structure-based drug design

Structure-Based Drug Design (SBDD) hinges on the three-dimensional structure of
therapeutic target proteins and exploration of their binding site cavities[202]. This precise and
rapid approach aids in identifying and optimizing lead molecules, contributing to a profound
understanding of diseases at the molecular level[202]. SBDD encompasses techniques such as
structure-based virtual screening (SBVS), molecular docking, and molecular dynamics (MD)
simulations, serving diverse purposes like evaluating binding energetics, protein-ligand
interactions, and receptor conformational changes upon ligand binding[202].The workflow of
SBDD is illustrated in Fig Il.1. It has significantly aided pharmaceutical industries and
medicinal chemists in discovering multiple drugs, such as amprenavir, raltitrexed,
norfloxacin, dorzolamide, isoniazid, and flurbiprofen[202]. The SBDD process encompasses
target structure preparation, ligand binding site identification, compound library curation,
molecular docking with scoring functions, MD simulation, and binding free energy
calculation[202].

36



'8

v,

l,-“ T

Protein Extraction &
Purification

| ||
| J

| )1
\Hll,.

) (L
v

Human Genome Sequencing X-ray diffraction

s |
(V] ]
NMR Spectroscopy

Library Design &
Preparation

Cryogenic Electron
Microscopy

l 3D Structure of Protein
(Binding Site Identification | . — ,
oL = Y
l (\\\ ~ -E- = ) \
‘ | g B
("Docking and Scoring | — = l z é j — [ g
1 ==
S = Experimental Testing
%\\J/ ::- E L J
A

Fig 11.1 SBDD workflow[215]

1.1.  Molecular docking

Molecular docking is a computational approach employed for the examination of interactions
occurring at the molecular level between a target receptor and a ligand. It facilitates the
ranking of ligands by evaluating their binding affinity to the receptor, employing diverse
scoring functions[216]. Achieving favorable binding poses of ligands within the active site of
the target involves considering two critical factors: (a) exploring a broad conformational
space that accounts for various binding orientations and (b) making explicit predictions about
the binding affinity of ligands associated with each binding pose[217]. Table 11.1 provides a
list of commonly utilized molecular docking software programs. Molecular docking can be
categorized into two main types: flexible-ligand search docking and flexible-protein docking.
In the flexible-ligand search docking method, ligand flexibility is typically addressed through
three algorithms: systematic, stochastic, and simulation methods[218]. On the other hand,
flexible-protein docking primarily relies on Monte Carlo (MC) and molecular dynamics (MD)
approaches[202]. Extensive explanation and details can be found in specialized
literature[216-224].
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Table 11.1 Docking softwares

Tool Key Features Reference
AutoDock Conformational searching methods: Lamarckian genetic [225]
algorithm, simulated annealing, traditional genetic

algorithm. Prediction of binding free energies based on a
semiempirical free energy force field.

AutoDock Utilizes gradient optimization for improved speed and [226]

Vina accuracy in predicting binding modes compared to
AutoDock.

GOLD Automated ligand docking with ligand conformational [227]
flexibility and partial protein flexibility using a genetic
algorithm.

CDOCKER Automated MD docking program with CHARMm19 force | [228]
fields, offering full ligand flexibility and reduced
computation time.

FlexX Automated docking tool for flexible ligands, relies on base | [229]
fragment selection and placement for scoring.

Surflex Uses Hammerhead's empirical scoring function and [230]
molecular similarity to produce ligand fragment poses.

GLIDE Grid-based ligand docking with comprehensive search of [231]
ligand space, scoring based on the ChemScore function.

DOCK6 Docking program utilizing anchor-and-grow search [232]
algorithm for conformational sampling of small molecules.

SwissDock Web server for docking small molecules to target proteins | [233]
using the EADock DSS engine.

MOE Molecular Operating Environment: Software package that | [234]
provides a wide range of tools and functionalities for tasks
such as molecular modeling, protein-ligand docking,
structure-based design, cheminformatics, and more.

Molegro Software package with a user-friendly interface, several | [235]

Virtual docking protocols, and post docking analyses

Docker

Schrodinger Software package that provides diverse tools, high | [236]

Suite

accuracy, user-friendliness, interdisciplinary applicability,
and a large user community.
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1.2. Molecular docking procedure

1.1.20. Macromolecule preparation
The proliferation of structural elucidation methods like X-ray and NMR has led to a
substantial increase in the number of protein structures available in databases like the Protein
Data Bank (PDB) over recent decades. However, due to the inherent limitations of
experimental techniques, there are still many target protein structures that remain
unsolved[237].

To bridge this gap, computational techniques such as comparative homology modeling,
threading, and ab initio modeling have emerged as successful means of deciphering protein
structures from their amino acid sequences. One widely utilized computational method is
homology modeling, which accurately determines a protein's three-dimensional structure by
leveraging an appropriate template structure identified from existing data[238]. This process
involves several steps, including template selection, sequence alignment, target model
construction, model refinement, and validation[239].

Protein threading is another valuable approach for predicting protein structures, especially
when the target protein exhibits limited sequence similarity with proteins in the PDB (less
than 25% sequence identity) but shares structural similarities with some existing proteins.
Unlike homology modeling, protein threading considers structural information, such as
secondary structure, solvent accessibility, and pairwise interactions encoded in the template,
enhancing prediction accuracy[240].

In cases where there are no template structures available in existing biological databases, ab
initio modeling comes into play. This computational technique is preferred for predicting the
structures of proteins with no existing templates. It involves addressing a global optimization
problem to determine dihedral angle values that contribute to the stability of the protein
structure, aiming to achieve the global or near-global minimum potential energy[241].

Subsequently, the structure undergoes rigorous cleaning, involving the removal of extraneous
elements such as water molecules, cofactors, and ions that are unrelated to the binding site.
Addressing potential structural deficiencies is the next priority, as missing atoms, residues, or
side chains are repaired to create a complete and accurate representation. Adjusting
protonation states of ionizable residues to match the intended pH conditions is crucial for
realistic binding energy calculations[242].

Energy minimization steps follow to relax steric clashes and rectify unfavorable bond
geometries, leading to a more stable protein conformation. Hydrogen atoms are meticulously
placed, taking into account tautomeric and ionization states of amino acid residues. The
binding site, where ligands are anticipated to interact, is carefully defined. A 3D grid is
generated around this site to expedite the search for ligand binding poses, a feature employed
by some docking programs. If any co-crystallized ligands are present, they may be removed
unless re-docking studies are intended for validation.[243,244]. Despite the absence of
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experimental data regarding the binding sites of numerous proteins, various software and
webservers, including CASTp [36], DoGSite Scorer [37], NSiteMatch [38], DEPTH [39],
MSPocket [40], MetaPocket [41], and Q-SiteFinder [42], enable the prediction of potential
binding sites on target proteins. During the lead identification process, compounds with large
sizes that do not readily fit into the binding site pocket are typically excluded[202].

Ultimately, this rigorous protein preparation process provides a sound foundation for
conducting accurate and reliable molecular docking studies, making it an essential component
of drug discovery and molecular research[242].

1.1.21. Small molecules preparation
Chemical compounds can be sourced from various chemical databases, including ZINC15
(comprising 230 million purchasable compounds)[245], MCULE (offering 122 million
synthetically accessible compounds) (https://mcule.com/), PubChem (with 111 million pure
and characterized chemical compounds)[246], ChemSpider (housing 25 million unique
chemical compounds)[247], DrugBank (encompassing 14,528 drug molecules)[248], and
ChEMBL (featuring over 1.6 million distinct compounds)[249].

In the context of molecular docking, the selection of compounds focuses on those with drug-
like characteristics, filtered based on criteria such as Lipinski's rule and ADMET parameters.
Additionally, risk factors like acute rat toxicity, carcinogenicity, serum glutamic oxaloacetic
transaminase elevation, hepatotoxicity, and inhibition of 3A4 oxidation of midazolam are
considered[237]. According to Lipinski's rule of five, a compound is deemed orally bioactive
if its physicochemical properties fall within permissible limits defined by criteria such as
molecular weight (<500), logP (partition coefficient between n-octanol and water, <5),
hydrogen bond donors (<5), and hydrogen bond acceptors (<10)[250,251].

Furthermore, ADMET properties of interest encompass human gastrointestinal absorption
(HIA), blood-brain barrier (BBB) permeation, P-glycoprotein (P-gp) inhibition, cytochrome
P450 (CYP) inhibition, and plasma protein binding. Alongside pharmacokinetic properties
and safety, the feasibility of synthesizing these compounds (synthetic score) should also be
taken into consideration[250].

1.3. Molecular Dynamic MD Simulation
In the late 1970s, the first Molecular Dynamics (MD) simulation of a protein was
conducted[252]. This robust technique involves predicting the positions of every atom within
a molecular system over time, based on Newton's laws governing interatomic
interactions[253]. The forces between atoms are determined using a relevant force field,
which in turn calculates the system's overall energy[254]. MD simulations offer several
advantages. They provide a comprehensive record of the position and motion of each atom
throughout the simulation, something challenging to achieve experimentally. Moreover, the
simulation conditions are precisely controlled and adjustable[255]. MD simulations have
found extensive use in structure-based drug discovery because they offer insights into
intricate details like binding, unbinding, and receptor conformational changes at a high level
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of detail, which is often inaccessible through experimental methods[202]. Additionally, MD
simulations enable the exploration of receptor-ligand dynamics, including association,
dissociation, and the quantification of thermodynamics, Kinetics, and the free energy
landscape[256]. Several MD simulation programs are available, including GROMACS[257],
AMBER[258], CHARMM[259], NAMD[260], and Tinker[261]. The details of MD has been
extensively explained in literature[252-255,258,262-265].

1.4. ADMET properties
ADMET, which stands for Absorption, Distribution, Metabolism, Excretion, and Toxicity, are
crucial properties considered in the field of drug discovery and development[266]. These
properties play a pivotal role in determining the efficacy and safety of potential drug
candidates[266].

1.1.22. Absorption
This property refers to how a drug is taken up by the body after administration. It involves
understanding how well a drug is absorbed into the bloodstream from its delivery route (e.g.,
oral ingestion, intravenous injection). Factors such as solubility, bioavailability, and
permeability influence drug absorption[267].

1.1.23. Distribution
Once a drug is absorbed, it needs to reach its target site in the body. Distribution entails how
the drug spreads throughout different tissues and organs. Factors such as blood flow, protein
binding, and tissue permeability affect drug distribution[267].

1.1.24. Metabolism
The body's metabolic processes can alter the chemical structure of a drug. Metabolism
primarily occurs in the liver and involves enzymatic reactions that can either activate or
deactivate a drug. Understanding drug metabolism is crucial to determine its stability and
potential for toxic byproducts[267].

1.1.25. Excretion
This property involves the removal of a drug and its metabolites from the body. Most drugs
are excreted through the kidneys via urine, but other routes like feces and exhalation also play
a role. Knowledge of excretion pathways aids in determining the drug's elimination half-
life[267].

1.1.26. Toxicity
Assessing the potential adverse effects of a drug is essential for its safety profile. Toxicity
studies investigate whether a drug or its metabolites can harm the body's cells or organs. This
includes evaluating acute and chronic toxicity, genotoxicity, and carcinogenicity[267].

ADMET properties are assessed through various in vitro and in vivo experiments,
computational modeling, and predictive tools. A thorough understanding of these properties is
integral to identifying promising drug candidates and optimizing their efficacy while
minimizing potential side effects, ultimately advancing the field of drug design and
development. ADMET properties refer to a set of pharmacokinetic properties that are
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important to consider in drug discovery and development. Effective and safe drugs need to
have a finely tuned combination of pharmacodynamics (PD) and pharmacokinetics (PK),
including high potency, affinity, and selectivity against the molecular target, along with
adequate ADMET properties. In silico prediction of ADMET is an important component of
pharmaceutical R&D[268]. Bad ADMET profiles are the primary causes of failure for the
majority of drug candidates during clinical trials[269]. A substantial challenge in the realm of
drug discovery and design is the holistic enhancement of ADMET properties[268].
Consequently, the utilization of in silico prediction methods for ADMET properties serves a
dual purpose: not only does it enable the assessment of pharmacokinetics and
pharmacodynamics attributes of small molecules, but it also aids in the identification of
compounds with drug-like characteristics and potential as lead compounds[270]. Various web
servers are available to predict ADMET, the most commonly used are ADMETLAB[271],
Swiss ADME[250], and PKCSM[272] (Pharmacokinetics and Chemistry Score Matrix).
ADMET properties and their interpretations have been extensively detailed in literature[273—
281].

2. SBDD literature review

Das et al, (2021) .[282] used a blind molecular docking approach to identify potential
inhibitors for the SARS-CoV-2 main protease. The screening focused on 33 diverse
molecules, ranging from natural compounds to antivirals and anti-protozoals. Notably, all of
these molecules exhibited binding capabilities within the active site of the main protease.
Rutin, a natural compound, displayed the highest inhibitor efficiency, followed by ritonavir,
emetine, hesperidin, lopinavir, and indinavir. These interactions mainly occurred near
essential catalytic residues, such as HIS41 and CYS145, and involved other critical active site
residues.

Deshpande et al, (2020) .[283] applied molecular docking analyses on key viral propagation-
related proteins, including 3Clpro, Nsp10/16, Spike protein, SARS protein receptor binding
domain, Nsp 9 viral single-strand binding protein, and viral helicase. Additionally, the human
angiotensin-converting enzyme 2 (ACE2) receptor, which serves as the entry point for the
virus into host cells, was also subjected to molecular docking experiments. The compounds
used for docking include well-known drugs for SARS-CoV-2 such as Ritonavir, Lopinavir,
Remdesivir, Chloroquine, Hydroxychloroquine (HCQ), as well as conventional antiviral
medications like Oseltamivir and Ribavirin. Furthermore, the evaluation of small molecules
with anti-inflammatory properties, such as Mycophenolic acid (MPA), Pemirolast, Isoniazid,
and Eriodictyol was elaborated. The results highlight the therapeutic potential of Ritonavir,
Lopinavir, and Remdesivir against SARS-CoV-2. Notably, Eriodictyol exhibited strong
binding to almost all selected target proteins, indicating its potential significance in COVID-
19 treatment. Molecular interactions observed between Ritonavir, Lopinavir, Remdesivir, and
SARS-CoV-2 proteins further enhance their candidacy as potential drugs for COVID-19
treatment. Eriodictyol is emerging as a promising repurposed drug for potential use against
COVID-19.
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Kerkour et al, (2023) .[284] in their study, molecular docking analyses were carried out to
assess the interactions between the DHPAMP ligand and SARS-CoV-2 Mpro and
RdRpreceptors. The results revealed strong binding affinities, with DHPAMP displaying
negative docking scores of -6.40 kcal/mol and -8.40 kcal/mol for Mpro and RdRp,
respectively. These findings indicated robust binding interactions. Notably, DHPAMP
established specific interactions, including van der Waals forces and hydrogen bonds, with
key amino acids within the active sites of Mpro and RdRp. Comparative analysis of binding
energies highlighted DHPAMP's superior affinity for these proteins, suggesting its potential
as a promising inhibitor in the fight against COVID-19.

Mhatre et al, (2021) .[285] performed a comparative analysis of docking scores and
interaction types, where EGCG and TF3 exhibited favorable docking scores (-8.3 kcal/mol
and -8.4 kcal/mol, respectively, for the 3CLpro receptor). and demonstrated significant in-
silico activity against potential COVID-19 targets.

Vivek-Ananth et al .[286] identified potential natural product inhibitors of SARS-CoV-2
Nspl3 targeting the ATP-binding site. Among the 368 potential phytochemical inhibitors, the
top candidates for further study include Picrasidine M, (+)-Epiexcelsin, Isorhoeadine,
Euphorbetin, and Picrasidine N. These top candidates, including Picrasidine M, (+)-
Epiexcelsin, Isorhoeadine, Euphorbetin, and Picrasidine N, demonstrated stable binding
interactions with the ATP-binding site of SARS-CoV-2 Nsp13.

Ghosh et al, (2021) .[287] selected eight polyphenols from green tea to identify potent Mpro
inhibitors. The binding affinities and binding modes between these polyphenols, including the
established Mpro inhibitor N3 (with a binding affinity of -7.0 kcal/mol), and Mpro were
elucidated through molecular docking studies. All eight polyphenols showed strong
interactions with one or both catalytic residues (His41l and Cys145) of Mpro. Molecular
dynamics simulations (100 ns) on these three Mpro-polyphenol systems further revealed high
stability, minimal conformational fluctuations, and consistent compactness. Estimation of the
total number of intermolecular H-bonds and MM-GBSA analysis confirmed the stability of
these three Mpro-polyphenol complexes. Pharmacokinetic analysis further suggested that
these polyphenols exhibited favorable drug similarity characteristics.

Hall Jr et al, (2020) .[288] applied molecular docking on existing drugs and found that
Zanamivir, Indinavir, Saquinavir, and Remdesivir are promising candidates for inhibiting the
3CLPRO main proteinase. Additionally, they uncovered that Flavin Adenine Dinucleotide
(FAD), Adeflavin (a B2 deficiency medicine), and Coenzyme A, a coenzyme, could also hold
promise for treating SARS-CoV-2 infections.

Li et al, (2021) .[289] employed molecular docking approach to identify potential inhibitors
of the SARS-CoV-2 papain-like protease. The docking involved 21 compounds with antiviral,
antifungal, and anticancer properties. Remarkably, Neobavaisoflavone exhibited the highest
binding affinity for the SARS-CoV-2 papain-like protease. These compounds demonstrated
the capability to bind in proximity to crucial catalytic residues of the papain-like protease,
including Trpl06, Asnl109, Cyslll, Met208, Lys232, Pro247, Tyr268, GIn269, His272,
Asp286, and Thr301.
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Rahman et al, (2021) .[290] evaluated the potential of rutin, a medicinal flavonoid, to inhibit
SARS-CoV-2 by molecular docking. Rutin demonstrated notable binding interactions with
multiple vital proteins of SARS-CoV-2, including Mpro, RdRp, PLpro, and S-proteins.
Among these, Mpro exhibited the most robust binding affinity with the lowest binding energy
(-8.9 kcal/mol). This interaction was stabilized through hydrogen bonds with bond lengths
ranging from 1.18 A to 3.17 A, along with hydrophobic interactions. Evaluation of ADMET
and bioactivity predicted optimal solubility, non-toxicity, and non-carcinogenic properties for
rutin. The predicted inhibitory constant values for rutin with these essential SARS-CoV-2
proteins fell within the range of 5.66 uM to 6.54 uM.

EL Khatabi et al, (2022) .[291] applied molecular docking and ADMET on Levamisole
derivatives. Among them, molecule N°6 exhibited particularly encouraging docking
outcomes, displaying favorable binding interactions and superior docking energy when
compared to chloroquine and mefloquine. The results of ADMET prediction and MD
simulation provide further evidence of the potential of molecule N°6 as a promising candidate
for further development as a novel inhibitor capable of combatting the newly emerged SARS-
CoV-2.

Choudhary et al, (2020) .[292] applied molecular docking and molecular dynamics
simulations on 9 compounds susceptible of inhibiting 3CLpro. 2 compounds showed the best
binding energy of -71.63 kcal/mol and -81.92 kcal/mol, and were confirmed to form stable
complexes by molecular dynamics simulation of 20 ns simulation period.

Wahedi et al, (2021) .[293] reported promising potential in repurposing stilbenoid analogs,
particularly resveratrol, as anti-COVID-19 drug candidates. Molecular docking analysis
revealed that all four tested compounds had good binding affinity to the SARS-CoV-2 spike
protein and human ACE2 receptor complex, with docking scores exceeding -7 kcal/mol.
Furthermore, extensive molecular dynamics simulations conducted over fifty nanoseconds in
aqueous solution demonstrated that resveratrol exhibited a highly stable bound conformation
when interacting with the viral protein-ACE2 receptor complex. Additionally, the net free
energy of binding calculated confirmed the stability of the resveratrol-protein complex.

Al-Karmalawy et al, (2021) .[294] used molecular docking and dynamics simulations and
identified 2 potential molecules. Alacepril and lisinopril demonstrated a noteworthy
interaction with human angiotensin-converting enzyme 2 (hACE2), which serves as the host's
entry point for the SARS-CoV-2 spike protein. This interaction was substantiated by their
favorable rmsd_refine values and superior binding affinity. Notably, both compounds formed
robust hydrogen bonds with Asn90, a residue believed to be pivotal for receptor activity.
Additionally, these ligands exhibited significant supplementary interactions with other
receptor-binding residues. MD simulations demonstrated good stability with the target.

Kushwaha et al, (2021) .[295] applied molecular docking, MD simulation, and ADMET
properties on 130 phytochemicals against three crucial SARS-CoV-2 targets: Spike (S)-
protein, RNA-dependent RNA polymerase (RdRp), and Main protease (Mpro). Notably,
Isoquercetin exhibited remarkable binding potential with the active sites of Spike, RdRP, and
Mpro, vyielding docking scores of -8.22, -6.86, and -9.73 kcal/mole, respectively.
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Additionally, MS 3, 7-Hydroxyaloin B, and 10-Hydroxyaloin-A demonstrated substantial
binding affinity with scores of -9.57, -7.07, and -8.57 kcal/mole against the Spike, RdRP, and
Mpro targets, respectively. MD showed the stability and energetically favorable complex
formation ability of Isoquercetin and 10-Hydroxyaloin-A. An assessment of drug likeness and
physiochemical properties for the test compounds yielded satisfactory results. Various
parameters, including RMSD, RMSF, Rg, SASA, hydrogen bond formation, energy
landscape, and principal component analysis, collectively indicated the formation of stable
and energetically favorable complexes between the lead phytochemicals and the target
proteins. Furthermore, an assessment of drug likeness and physiochemical properties for the
test compounds yielded satisfactory results.

Enmozhi et al, (2021) .[296] performed molecular docking and ADMET properties studies on
and rographolide. In the molecular docking analysis, it was observed that andrographolide
exhibited a superior docking score compared to the proposed inhibitor PRD_002214 (free
energy value of -3.094357 KJ/mol) within the grid box. The compound engaged in
interactions, including hydrogen bonds and salt bridges, within the active binding pocket.
Notably, the compound established binding interactions with the protease through the
formation of four hydrogen bonds involving three distinct residues: Gly143, Cys145, and
Glul66. The ADMET properties investigation showed that it exhibited high gastrointestinal
absorption, did not permeate the blood-brain barrier, served as a substrate for P-glycoprotein,
and did not inhibit specific cytochromes. Notably, andrographolide adhered to drug-like
properties, satisfying both Lipinski's Rules and various drug-likeness score criteria, including
those defined by Ghose, Veber, Egan, and Muegge.

Khan et al, (2021) .[297] employed molecular docking and molecular dynamic simulations to
target the chymotrypsin-like protease (3CLpro). Their research unveiled promising inhibitors
of this enzyme, including three FDA-approved drugs (remdesivir, saquinavir, and darunavir)
and two natural compounds (flavone and coumarin derivatives).

Gajjar et al, (2021) .[298] studied 177 natural antiviral compounds and their derivatives using
molecular docking, MD simulations and ADMET properties . Molecular docking revealed
tannic acid against RdRp (-16.5kcal/mol) and rutin against Mpro (-11.8 kcal/mol). Subsequent
molecular dynamics simulations assessed the stability of these ligand-protein complexes.
ADMET analysis and Lipinski filters were applied to assess their drug-likeness.

Rudrapal et al, (2022) .[299] found that six phytochemicals as promising anti-SARS-CoV-2
agents with notable inhibitory effects against protease (Mpro and PLpro) and polymerase
(RdRp) enzymes. These compounds, namely ginsenoside Rg2, saikosaponin A, somniferine,
betulinic acid, soyasapogenol C, and azadirachtin A, exhibited strong binding affinities and
stable interactions with their respective target proteins. Among them, ginsenoside Rg2,
saikosaponin A, and somniferine stood out as the most potent in silico inhibitors, showing
potential against Mpro, PLpro, and RdRp, respectively in molecular docking, MD simulations
and ADMET profiles.

Kawsar et al, (2022) .[300] investigated the binding affinities and interactions between
cytidine derivatives and SARS-CoV-2 RdRp through molecular docking analysis, MD
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simulation and ADME. The modified derivatives displayed strong interactions with key
residues, specifically Pro620 and Lys621. Molecular dynamics simulations lasting 200 ns
confirmed the stable docking of these compounds within the RdRp binding pocket. Notably,
the derivatives consistently exhibited strong binding with RdRp throughout the simulations,
indicative of enhanced binding affinity. The intermolecular interactions were governed by
both Van der Waals and electrostatic energies. Furthermore, an ADME evaluation of the
optimized inhibitors affirmed their safety profile, indicating improved Kinetic properties.
Consequently, these selected cytidine derivatives show promise as potential inhibitors against
SARS-CoV-2.

Belhassan et al (2022) .[301] conducted a molecular docking analysis involving 28 vitamins
and their derivatives to evaluate their interactions with the active site of the SARS-CoV-2
main protease. Among these compounds, Folacin, Riboflavin, and Phylloquinone oxide
(Vitamin K1 oxide) displayed the most favorable binding energies, indicating their potential
as inhibitors. Molecular Dynamics simulations further assessed the binding stability of these
vitamins with the SARS-CoV-2 main protease. Riboflavin exhibited the highest stability,
forming numerous hydrogen bonds and consistent protein interactions. In contrast,
Phylloquinone oxide and Folacin displayed some instability and fewer interactions.
Riboflavin also met Lipinski's rule and demonstrated acceptable ADMET properties,
suggesting its potential as an effective antiviral candidate for COVID-19 treatment.

Hanine Hadni et al, (2022) .[302] applied molecular docking on a set of 26 natural
compounds from the flavonoid family, targeting the 3CLpro and RBD sites of SARS-CoV-2.
The results of the docking study identified several potential inhibitors for these sites. Silibinin,
Tomentin A, Tomentin B, 4’-O-methyldiplacone, Hesperidin, Amentoflavone, and Bilobetin
showed promise as inhibitors of SARS-CoV-2 3CLpro, while Herbacetin, Morin, Silibinin,
Tomentin E, Amentoflavone, Bilobetin, Baicalein, and Quercetin displayed potential as
inhibitors of SARS-CoV-2 RBD. Notably, three compounds demonstrated inhibitory activity
against both sites, suggesting their potential in combating COVID-19. Additionally, the
evaluation of ADMET pharmacokinetic properties and in silico drug likeness analysis
identified six compounds as potential effective drugs against COVID-19. To confirm the
stability of hydrogen bonding interactions with crucial residues, molecular dynamics
simulations and MM-GBSA calculations were employed, providing further support for the
potential of these compounds in countering SARS-CoV-2.

3. Ligand-based drug design

Ligand-based drug design is a pharmaceutical research approach that focuses on designing
new drugs or optimizing existing ones based on the properties and interactions of specific
molecules, known as ligands that bind to a target protein or receptor in the body. This
approach primarily relies on information about the ligands' structure, binding affinity, and
other characteristics to guide drug development. LBDD majorly include pharmacophore
modeling, quantitative structure-activity relationships QSARs, and artificial intelligence
Al[202].
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3.1.  Pharmacophore modeling

A pharmacophore model elucidates the spatial arrangement of chemical features within
ligands that are essential for interacting with the target receptor[303]. These chemical features
encompass hydrogen bond donors, hydrogen bond acceptors, aromatic ring systems,
hydrophobic regions, positively charged ionizable groups, and negatively charged ionizable
groups[304]. Pharmacophore-based virtual screening can identify ligands with varying
molecular scaffolds but sharing a similar spatial arrangement of crucial interacting functional
groups.

Incorporating the bioactive conformation of molecules within the target binding site is a
common practice in developing pharmacophore models. Furthermore, pharmacophore models
are frequently employed in molecular alignment during Quantitative Structure-Activity
Relationship (QSAR) studies[305]. Several programs, such as Catalyst, PHASE,
LigandScout, GALAHAD, and PharmMapper (as listed in Table 11.2), enable the automatic
construction of pharmacophore models.

To enhance the flexibility of the model, it is often refined by incorporating spatial constraints
in regions occupied by inactive molecules. Features that are inconsistently detected in active
molecules may be rendered optional or excluded from the final model[212]. The generated
pharmacophore model should strike a balance between sensitivity and specificity to minimize
the risk of false negatives and false positives. Validation using an independent external test set
is crucial[306]. In cases where information about the 3D structure of a receptor and a set of
known active compounds is unavailable, a sequence-derived 3D pharmacophore model can
prove valuable. For instance, Pharma3D utilizes knowledge of 3D crystal structures and
homology models to derive common sequence motifs critical for receptor-ligand interactions
in protein families[306,307]. Pharmacophore modeling along with more available tools has
been extensively detailed in literature[306-317].

Table 11.2 Tools for pharmacophore modeling

Tool Description Reference
Catalyst Identifies common three-dimensional configurations of chemical | [318]
features among ligands and scores them based on rarity and
prevalence.

LigandScout | Automated tool for generating pharmacophore models based on | [319]
protein-ligand interactions, including hydrogen bonds, charge
transfers, and lipophilic regions. Used for high-throughput
virtual screening.

PharmaGist Freely available web server for generating ligand-based [311]
pharmacophore models using drug-like molecules with binding
affinity to a target protein.

PharmMapper | Identifies potential target receptors for small molecules using [312]
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pharmacophore mapping.

Pharmer Pharmacophore search program that organizes molecular data [313]
for rapid screening of large molecule databases.

3.2.  Quantitative Structure-Activity Relationship QSAR

QSAR studies operate on the fundamental concept that changes in the biological activity of
compounds can be linked to alterations in their molecular structures[207]. They find extensive
application in drug discovery, particularly during hit-to-lead identification and lead
optimization phases. These studies involve constructing a statistical model based on
correlations, which can then be employed to predict the biological activity of new
molecules[305]. To generate a dependable QSAR model, certain key prerequisites must be
met: (i) a sufficient quantity of datasets with biological activity information, acquired through
standardized experimental procedures, (ii) careful selection of compounds for the training and
test sets, (iii) avoidance of autocorrelation among the physiochemical properties of ligands
that could lead to data overfitting, and (iv) validation of the model's applicability and
predictability using internal and external validation techniques[320].

Molecular structures are represented by molecular descriptors. Molecular descriptors are
numerical or mathematical representations of molecular properties that provide information
about the structure, composition, and properties of a molecule[321-323]. These descriptors
play a crucial role in computational chemistry, drug discovery, and chemoinformatics,
converting complex molecular structures into numerical values to quantitatively characterize
molecules. There are various types of molecular descriptors, including topological descriptors
that describe connectivity, geometric descriptors that represent shape and size, electrostatic
descriptors related to charge distribution, quantum chemical descriptors derived from
quantum mechanical calculations, and chemical fingerprints encoding structural features[321—
326]. Molecular descriptors find applications in drug discovery, toxicity prediction, property
estimation, and structure-activity relationship studies. They are vital for virtual screening,
toxicity assessment, property prediction, and machine learning models. The selection of
relevant descriptors is essential, often requiring statistical techniques for feature selection and
dimensionality reduction[322]. Table 1.3 resumes the most commonly used tools and
softwares for descriptors calculations.

On the other hand, Molecular fingerprints are a type of molecular representation used in
cheminformatics and computational chemistry. They are binary or bit-string representations of
chemical structures that encode information about the presence or absence of specific
structural features within a molecule. Molecular fingerprints are widely used for tasks such as
similarity searching, virtual screening, and machine learning in drug discovery and chemical
informatics. Calculations of fingerprints follow these steps:

e Binary Encoding: Each molecular fingerprint is a binary vector, where each element
(bit) in the vector represents the presence (1) or absence (0) of a particular structural
feature or substructure within the molecule.
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e Substructure Patterns: Molecular fingerprints are generated by scanning the chemical
structure of a molecule and identifying predefined substructure patterns or fragments.
These patterns can be as simple as single atoms or more complex, representing
functional groups or ring systems.

e Hashing: To create a fixed-length fingerprint, a hashing function is applied to the
identified substructures. This function maps the substructures to specific positions in
the fingerprint, setting the corresponding bits to 1.

Molecular fingerprints are used to compare the structural similarity between molecules.
The more similar the fingerprints of two molecules, the more structurally alike they are
considered to be. They are used for various tasks, including similarity searching (to find
molecules similar to a query compound in a chemical database), virtual screening (to
predict potential drug candidates by comparing their fingerprints to known active
compounds), clustering (to group molecules with similar structures), and machine learning
(as input features for machine learning models in predictive modeling tasks).

Common types of molecular fingerprints include:

e MACCS Keys: A set of predefined substructures.

e ECFP (Extended Connectivity Fingerprints): Captures molecular connectivity
information.

e PubChem Fingerprint: Based on PubChem's collection of chemical substructures.

e Daylight Fingerprint: Created using SMARTS patterns.

Table 11.3 Molecular descriptors and fingerprints calculation tools

Programs

Molecular Descriptors

Reference

BlueDesc

Predicts more than 174 properties,
including 3D descriptors and can read
2D structures, 3D structures and
SMILES files.

http://www.scbdd.com/chemdes/

ChemAxon

Offers a wide range of chemical
calculations, such as molecular
weight, elemental composition, LogP,
pKa, LogD, LogS, hydrogen bond
donor/acceptor (HBDA) count, and
various 2D topological and 3D
geometrical descriptors.

https://chemaxon.com/products/calculators-
and-predictors

PaDEL-
Descriptor

A standalone software for computing
molecular descriptors and
fingerprints,  encompassing 797
descriptors (including 663 1D and 2D
descriptors and 134 3D descriptors)

[327]
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and 10 types of fingerprints.

E-
DRAGON

The electronic counterpart of the
renowned DRAGON software,
equipped with over 1,600 molecular
descriptors used to evaluate structure-
activity or structure-property
relationships.

http://www.vcclab.org/lab/edragon/

DRAGON
7.0

Calculates a comprehensive set of
5,270 molecular descriptors, covering
atom types, functional groups,
fragment counts, topological and
geometrical descriptors, and three-
dimensional descriptors organized
into thirty logical categories.

https://chm.kode-
solutions.net/products_dragon.php

Pre-
ADMET

A web-based tool for computing drug-
like physicochemical descriptors such
as lipophilicity (logP), molecular
weight, polar surface area, and water
solubility.

https://preadmet.omdrc.kr/

QikProp

Enables the prediction of various
pharmacologically relevant
descriptors for chemical compounds,
including octanol/water and water/gas
log Ps, log S, log BB, overall CNS
activity,  Caco-2, MDCK cell
permeabilities, log KHSA for human
serum albumin binding, and more.

https://www.schrodinger.com/qikprop

ACD/labs

A versatile tool for calculating various
physicochemical descriptors,
including aqueous solubility, boiling
point/vapor pressure, logD, logP,
pKa, and ADME properties.

https://www.acdlabs.com/

Corina
Symphony

A cheminformatic tool designed for
structure representation and the
computation of six types of molecular
descriptors: global molecular
descriptors, shape descriptors,
guantum-mechanical properties, 2D
property-weighted autocorrelation, 3D
property-weighted  autocorrelation,

https://www.mn-
am.com/products/corinasymphony
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property-weighted radial distribution
functions (RDF), and autocorrelation
of surface properties.

MOPAC A semiempirical molecular orbital | http://openmopac.net/
package used for investigating solid-
state and molecular structures and
reactions. It provides calculations of
various descriptors for molecules,
radicals, ions, and  polymers,
including vibrational spectra,
thermodynamic parameters, isotopic
substitution  effects, and force
constants.

AlvaDesc | alvaDesc is a comprehensive software | [324]
for molecular descriptor calculation,
fingerprints, and property prediction.
It includes 3D and physicochemical
properties descriptors. It also provides
tools for data exploration, structure
verification, and variable reduction.

QSAR can be categorized into six different types based on the descriptors used: (i) 1D-QSAR,
which examines the correlation between global molecular properties like logP and pKa with
biological activities, (ii) 2D-QSAR, where biological activities are linked to structural patterns
such as 2D-pharmacophores and connectivity indices, (iii) 3D-QSAR, which explores how
biological activities are related to noncovalent interaction fields around the ligands, (iv) 4D-
QSAR, an extension of 3D-QSAR that includes an ensemble of ligand configurations, (v) 5D-
QSAR, which incorporates various induced-fit models into 4D-QSAR, and (vi) 6D-QSAR,
further extending 5D-QSAR by including different solvation models[322]. Some examples of
3D QSAR programs include the HypoGen module of Catalyst[328], PHASE[329],
comparative molecular field analysis (CoMFA), and comparative similarity indices analysis
(CoMSIA)[330]. QSAR techniques can be classified into two categories: linear and nonlinear,
depending on the chemometric methods used. Linear methods encompass linear regression
(LR), multiple linear regression (MLR), partial least squares (PLS), principal component
analysis (PCA), and principal component regression (PCR). Examples of nonlinear QSAR
methods include k-nearest neighbors (KNN), artificial neural networks (ANN), and Bayesian
neural nets[321,322]. Extensive and detailed explanation of QSAR principle, techniques, and
validation can be found in literature[43,207,208,211,305,320-322,331-339].

51




3.3.  Artificial Intelligence

Artificial intelligence (Al) constitutes a form of machine intelligence hinged upon computers'
capacity to glean knowledge from pre-existing data. Al has found utility in various
computational modeling techniques aimed at forecasting the biological effects and potential
toxicities of drug compounds[340]. Moreover, Al possesses a broad spectrum of applications
in drug discovery, encompassing tasks such as forecasting protein folding, protein-protein
interactions, virtual screening, quantitative structure-activity relationship (QSAR) analysis,
assessment of pharmacokinetic and pharmacodynamic properties (ADMET), and the creation
of new drug designs[341]. In rational drug design, two potent methodologies come to the
forefront: machine learning (ML) and deep learning (DL)[342]. Among the ML algorithms
that have played pivotal roles in drug discovery are support vector machine (SVM)[203],
Random Forest (RF)[343], and Naive Bayesian (NB)[344]. On the DL front, notable
techniques include convolutional neural networks (CNN), deep neural networks (DNN),
recurrent neural networks (RNN), autoencoders, and restricted Boltzmann machines
(RBN)[345].

While traditional QSAR approaches effectively predict simpler physicochemical properties
like logP and solubility, they often fall short when it comes to forecasting intricate biological
properties such as drug efficacy and potential side effects due to their reliance on modest
training datasets[346] and limitations in covering the vast chemical space[347]. Coping with
the massive data poses significant challenges for both conventional QSAR techniques and
machine learning models[348]. In response, Al methods have emerged to tackle the vast and
multi-dimensional nature of this big data, enhancing predictions of drug efficacy and potential
side effects in animals or humans[202].

A significant challenge in machine learning techniques lies in the need to fine-tune a
considerable number of parameters before initiating the algorithm. The performance of
regression algorithms is notably influenced by the values of these parameters, which are
typically set by default or manually configured through trial and error[349].

As an alternative, metaheuristic optimization algorithms offer the potential to address
parameter tuning and overfitting issues in machine learning techniques due to their guided
search for near-optimal solutions within minimal computational time[350]. Metaheuristic
optimization algorithms are a class of computational techniques used to solve complex
optimization problems. These algorithms are particularly useful when dealing with problems
that involve searching through large solution spaces, have no known analytical solutions, or
are computationally expensive to solve exhaustively. Metaheuristic algorithms are inspired by
natural processes, social behaviors, or other abstract concepts and are designed to explore and
exploit solution spaces efficiently[351]. Examples are Dragonfly Algorithm DA[352], Particle
Swarm Optimization PSO[353], Ant Colony Optimization ACO[354], Simulated Annealing
SA[355], Grey Wolf Optimizer GWO[356], and Whale Optimization Algorithm
WOA[357]...They work by iteratively improving potential solutions to find near-optimal or
optimal solutions. Unlike traditional optimization methods that rely on mathematical
properties or derivatives, metaheuristic algorithms focus on heuristic approaches to problem-
solving[351].
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Specifically, the Dragonfly algorithm DA, a relatively recent addition to swarm optimization
techniques[358], stands out for its preference over other algorithms. It is less prone to getting
stuck in local minima, which enhances precision and reduces the likelihood of overfitting.
Additionally, it significantly reduces computation time[359]. Moreover, particle swarm
optimization PSO has demonstrated its effectiveness in enhancing the robustness and
performance of machine learning algorithms compared to other optimization methods like the
genetic algorithm GA[360]. PSO offers advantages such as ease of implementation, fewer
parameters to configure, and superior accuracy with fewer iterations[361].

However, it's worth noting that while Al holds immense potential for efficiently identifying
preclinical drug candidates, accurately predicting the binding affinity between a drug
molecule and a receptor using Al remains a formidable task, primarily due to several factors.
Firstly, Al operates as a data-driven technique, heavily reliant on the quantity and quality of
available data[202]. The variability in data sources, especially those stemming from diverse
biological assays, and the dearth of high-quality data in public databases present challenges to
effective Al learning[362,363].

4. LBDD literature review

Yu (2021) .[364] developed a QSAR model to forecast the inhibitory constant pKi for a set of
89 compounds against 3CLpro. The model was constructed using support vector machine and
genetic algorithm techniques. Six specific descriptors were carefully chosen, and the optimal
hyperparameters were determined as C=90.234 and y=1.19810-5. The model yielded
coefficients of determination R? of 0.839 for the training set and 0.747 for the test set.
Additionally, the root mean square error (RMSE) was found to be 0.435 for the training set
and 0.525 for the test set, respectively.

Janairo et al, (2021) .[365] constructed and compared various models to predict the inhibitory
activity of the 3CLpro enzyme. These models included SVR, Classification and Regression
Trees (CART), random forest, and Multiple Linear Regression (MLR). Among these models,
MLR emerged as the top-performing one, achieving notable results with an R? value of 0.806
and an RMSE of 0.430 for the test dataset.

Ishola et al, (2021) .[366] employed Multiple Linear Regression (MLR) to establish a QSAR
model for forecasting the inhibitory activity of known compounds sourced from ChEMBL,
specifically targeting the viral 3CLpro enzyme. The resulting model exhibited impressive
performance metrics, including a correlation coefficient R of 0.907 and a cross-validation
coefficient Q2 of 0.866.

De et al, (2020) .[120] developed a hybrid QSAR model using partial least square and
multiple linear regression PLS-MLR on a set of 3CLpro inhibitors. The results showed an
R2of 0.756 and Q?of 0.708. The model was further sustained by molecular docking and MD
simulation.

Hammoudan et al, (2021) .[367] explored the relationship between the anti-MERS-CoV
activities of the HKU4 derived peptides for some peptidomimetic compounds and various
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descriptors. The descriptors used were computed using ChemSketch, Marvin Sketch, and
ChemOffice software. The principal components analysis (PCA) and the multiple linear
regression (MLR) methods were employed. The original data set of 41 peptidomimetic
derivatives was randomly divided into training and test sets of 34 and 7 compounds,
respectively. The predictive ability of the best MLR model was assessed by determination
coefficient Rz of 0.691, cross-validation parameter Q2 of 0.528, and the external validation
parameter R%.g of 0.794.

Mozafari et al, (2021) .[368] combined the adaptive least absolute shrinkage and selection
operator (ALASSO) for variable selection, known for its advantageous features, with a
nonlinear artificial neural network (ANN) modeling technique. Following a thorough
assessment of the ALASSO-ANN model's accuracy and validity (R? of 0.86 and RMSE of
0.33), the study utilized relevant descriptors to suggest new compounds and predict their
biological activity.

Toropov et al, (2022) .[369] conducted a QSAR study using Monte Carlo technique to predict
the half maximal inhibitory concentration ICsy of aromatic disulfide compounds against
3CLpro. The results showed an R? of 0.916 and a Q* of 0.681.

Elekofehinti et al, (2021) .[370] used an integrated computational approach to identify natural
lead compounds. The QSAR model built from Kernel PLS KPLS analysis with radial as
binary fingerprint was used to predict the compounds inhibition properties against SARS-
CoV-2 3C-like protease. The model had an R? of 0.818 and an RMSE of 0.568.

Adhikari et al, (2022) .[371] conducted an integrated approach in which multi QSAR models
were developed, and validated by molecular docking and MD simulation. A total of 69
diverse chemical compounds, showing potential as SARS-CoV-2 3CLpro inhibitors, were
considered for constructing various QSAR models: linear approaches (SW-MLR and GA-
MLR), non-linear methods (ANN and SVM), and Hologram QSAR HQSAR techniques. The
analysis identified specific structural and physicochemical characteristics essential for
inhibiting SARS-CoV-2 3CLpro, notably the presence of 2-oxopyrrolidinyl methyl and
benzylester functionalities, as well as the inclusion of a methylene (hydroxy) sulphonic acid
warhead group. HQSAR showed the best performance with R? of 0.867 and a Q* of 0.67.

Chedadi et al, (2021) .[372] employed 3D-QSAR, molecular docking, and ADMET
prediction, focusing on a series of inhibitors targeting SARS-CoV 3CLpro. The 3D-QSAR
investigation specifically utilized the Comparative Molecular Field Analysis (CoOMFA) and
Comparative Molecular Similarity Indices Analysis (CoMSIA) methodologies. These
analyses yielded robust results, with cross-validation coefficient Q2 values of 0.80. The
model's predictive capacity was further supported by determination coefficient R2,g values of
0.725 when evaluated with a test set comprising seven molecules.

Edache et al, (2022) .[267] conducted a comprehensive mathematical approach
encompassing quantitative structure-activity relationship (QSAR), homology modeling,
docking simulations, ADMET analysis, and molecular dynamics simulations on
iminoguanidine derivatives. The QSAR method was employed to statistically examine the
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structure-activity relationships (SAR) and vyielded highly significant results for a robust
predictive model (GA-MLR: Q? oo = 0.8027; R? = 0.8735; R%es; = 0.7536). In-depth analysis
of these predictive models revealed that the Centered Broto-Moreau autocorrelation at lag 1,
weighted by I-state, and the 3D topological distance-based autocorrelation at lag 9, weighted
by I-state, played pivotal roles in governing the biological activity. These descriptors provided
valuable insights into the properties necessary for the development of potent inhibitors against
Pseudomonas aeruginosa.

Gholivand et al (2022) .[373] assessed a set of 51 compounds (consisting of various mono-,
bis-, and tetra-phosphonates designed as derivatives of Remdesivir, among which, 32 were
newly developed and thoroughly characterized) through a combination of molecular docking,
QSAR, and pharmacophore modeling. Their biological activities were evaluated. The findings
from the QSAR analysis revealed that the polarity and molecular topology of these
phosphonate derivatives played pivotal roles in influencing their binding energy and
inhibitory potential. The Genetic Algorithm-A stepwise multiple linear regression (GA-SW-
MLR) model demonstrated strong predictive capability, achieving an R? value of 0.843 and an
RMSE of 0.341.

Khanfar (2021) .[374] employed a combination of structure-based pharmacophore modeling
and validated QSAR analysis to identify novel IRAK-4 inhibitors from a natural products
database. The MLR-QSAR model, with an R? value of 0.78, integrated molecular descriptors
with a structure-based pharmacophore. This approach effectively explained the variation in
bioactivity among a diverse set of IRAK-4 inhibitors. In experimental in vitro testing, the top-
ranked compounds: uvaretin, saucerneol, and salvianolic acid B were confirmed as active
IRAK-4 inhibitors, demonstrating 1Cso values in the low micromolar range.

Saha et al, (2023) .[375] 2D MLR-QSAR model developed 84 anti-SARS-CoV2 compounds
gathered from the literature, and descriptors were calculated using PADEL software. The
model showed a performance of with Rz and Q2 values of 0.87028 and 0.70493, respectively.
The findings also indicate that the electronic features and E-state of atoms in the molecules
are directly linked to their anti-SARS-CoV-2 drug activity.

Soleymani et al, (2023) .[376] created validated QSAR models using CORAL software and
Monte Carlo optimization to predict the inhibitory activity of 81 compounds based on isatin
and indole against SARS CoV 3CLpro. These models employ the index of ideality correlation
(I1C) as an objective function optimization method. Optimal descriptors were chosen from the
hybrid model, which combines SMILES and hydrogen-suppressed graph (HSG) based on the
objective function. The model had an RZz of 0.96 and Q2 of 0.99. Through model
interpretation, eight synthesized compounds were identified and sourced from the ChEMBL
database, displaying potential as effective inhibitors of SARS CoV 3CLpro. Docking and
ADMET studies revealed that compounds CHEMBL4458417 and CHEMBL4565907, both
featuring an indole scaffold, exhibit positive drug-likeness values and the highest drug-score,
making them promising lead candidates.

Abdul Amin et al, (2021) .[377] developed a Monte Carlo optimization-based QSAR model,
applying it to virtually screen a selection of in-house chemicals. SwissSADME's in silico
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analysis identified thirteen compounds with favorable drug-likeness characteristics.
Subsequent molecular docking studies revealed these compounds to exhibit advantageous
interactions with the target SARS-CoV-2 Papain Like protease PLpro enzyme, suggesting
their potential as a foundation for designing and optimizing drugs against SARS-CoV-2
PLpro.

Ghosh et al, (2021) .[378] built a Monte Carlo optimization-based QSAR model to screen a
library of natural product hits. Analysis of the fragments within these active molecules hinted
at the possibility of synthesizing novel inhibitors for the SARS-CoV-2 Mpro enzyme by
combining fragments or attaching them to other structural scaffolds.

Law et al, (2020) .[379] generated a ligand-based pharmacophore model using established
antiviral drugs. This model was employed to assess the antiviral potential of twenty vanillin
derivatives as inhibitors of SARS-CoV-2's Mpro. Furthermore, the structure-based
pharmacophore model indicated that vanillin derivatives (1-20) exhibited highly promising
attributes, suggesting their potency as antiviral compounds against COVID-19.

Rafi et al, (2020) .[380] selected lopinavir and compounds with structural similarities for
binding to the main protease, while favipiravir was chosen as a candidate for targeting the
RNA-dependent RNA polymerase. Through molecular docking and a quantitative structure-
activity relationships (QSAR) analysis, it was discovered that these chosen compounds
exhibited favorable binding affinities. However, they exhibited limitations in terms of their
drug-like properties.

Thorat et al, (2023) .[381] elaborated 2D and 3D QSAR models using a dataset of 92 2-aryl-
4-quinoline carboxylic acid analogs known as DHODH inhibitors. The correlation
coefficients R? for the training set of Partial Least Squares PLS and all five Kernel Partial
Least Squares (KPLS) models for their respective fingerprints are as follows: 0.7091 (linear),
0.8336 (linear), 0.7586 (radial), 0.8606 (dendritic), 0.6832 (desc), and 0.7670 (molprint2D).
These values indicate strong correlations (R2 = 0.9 but > 0.6).

Shaker et al, (2020) .[205] applied Rosalind platform for the rapid discovery of SARS CoV2
replication inhibitors that target the virus main protease Mpro. Through a series of training
and optimization rounds based on reported SARS CoV2 Mpro inhibitors helped by docking
into the recently reported crystal structures of SARS CoV2 Mpro and medicinal chemistry
input, a series of promising SARS CoV2 Mpro inhibitors were identified.

5. Virtual screening
Virtual screening is a computational method employed in drug discovery to screen large
collections of compounds for potential drug candidates. This technique uses computer
algorithms to predict the ability of small molecules to bind to a target protein[382]. This
allows to efficiently select promising compounds for subsequent evaluation, saving and
resources compared to conventional experimental screening methods. Virtual screening
encompasses both ligand-based and structure-based approaches and includes a range of
computational tools, including docking, similarity analysis, pharmacophore-based searches,
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and machine learning algorithms[382]. The objective of virtual screening is to identify
promising candidates with powerful properties that can undergo further refinement into
potential drugs, all the while reducing the time and resources required for experimental
screening[382]. Virtual screening was extensively explained in literature[382—387].

Virtual screening can be both a structure-based technique and a ligand-based technique,
depending on how it is implemented and the type of data used.

5.1. Structure-Based Virtual Screening (SBVYS)
- In SBVS, the primary focus is on the 3D structure of the target protein. It involves docking
small molecules into the binding site of the protein and evaluating their binding affinity.

- SBVS utilizes information about the protein's structure, such as the coordinates of its
atoms and the shape and electrostatic properties of the binding site.

- It is considered a structure-based technique because it relies on the structural information
of the target protein[382].

5.2. Ligand-Based Virtual Screening (LBVS)
- In LBVS, the primary focus is on the chemical properties and activities of known ligands
or compounds that have interacted with the target.

- LBVS relies on the similarity between these known ligands and the compounds in a
screening library.

- It does not directly use the 3D structure of the target protein but is based on the assumption
that compounds similar to known active ligands will also interact with the target.

- LBVS is considered a ligand-based technique because it relies on the chemical
characteristics of the ligands without direct consideration of the protein's 3D structure[382].

In practice, researchers often use a combination of both SBVS and LBVS in virtual screening
workflows to increase the chances of identifying potential drug candidates. SBVS is well-
suited for finding compounds that interact with specific binding sites on target proteins, while
LBVS can identify molecules with similar properties to known active ligands. This hybrid
approach takes advantage of both structural and chemical information to improve the
efficiency of virtual screening in drug discovery[382].

6. Conclusion
In the realm of pharmaceutical research, Computer-Aided Drug Design CADD has emerged
as a transformative force, reshaping the landscape of drug discovery and development. This
chapter provided a comprehensive overview of three fundamental components of CADD:
Structure-Based Drug Design SBDD, Ligand-Based Drug Design LBDD, and Virtual
Screening. These methodologies have demonstrated the ability to accelerate the identification
of potential drug candidates, optimizing molecular interactions, and streamlining the drug
development process. The following chapter will detail the modeling part including the
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methodology, the algorithms, and the softwares used as well as the results obtained and their
extensive discussion.
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CHAPTER 111
Modelling Procedure




1. Objectives
The Methodology chapter of this thesis encompasses an intricate integration of two distinct
yet complementary Computer-Aided Drug Design (CADD) methodologies aimed at the
identification of prospective inhibitors against SARS-CoV-2. The study extensively employs
both Structure-Based and Ligand-Based approaches to navigate the complex landscape of
drug discovery.

Within the ambit of Structure-Based methodologies, emphasis is placed on scrutinizing
Absorption, Distribution, Metabolism, Excretion, and Toxicity (ADMET) properties
alongside molecular docking analyses. These approaches offer a detailed comprehension of
the molecular interactions and essential structural characteristics of potential inhibitors.
Conversely, the Ligand-Based methodologies delve into the intricate realm of Quantitative
Structure-Activity Relationship (QSAR) modeling, employing a diverse range of algorithms
such as Support Vector Regression (SVR), Particle Swarm Optimization-Support Vector
Regression (PSO-SVR), Dragonfly Algorithm-Convolutional Neural Network (DA-CNN),
Multilinear Regression (MLR), and Bayesian Regulation Backpropagation Neural Network
(BR-BPNN).

The delineation of the Methodology chapter is structured around two distinct datasets. The
first dataset encompasses ML300 analogues inhibitors, where the application of QSAR
models involving MLR, SVR, and PSO-SVR has been meticulously executed. The second
dataset, a heterogeneous collection, involves the implementation of BR-BPNN, DA-CNN,
and DA-SVR QSAR methodologies, alongside ADMET property analysis and molecular
docking studies.

The overarching objective of this multifaceted methodological approach is to discern potential
inhibitors of SARS-CoV-2. Through the comprehensive exploration and analysis of diverse
datasets using an array of sophisticated CADD tools, this research aims to contribute
substantively to the ongoing quest for novel therapeutic interventions against this virulent
pathogen.

2. Methodology

2.1. ML300 analogues
The methodology used is illustrated in Fig 111.1. QSAR models: MLR, SVR, and PSO-SVR
were developed.

2.1.1. Data set retrieval
The logic behind the selected nonpeptidic and noncovalent molecules is their proven activity
against 3CLpro SARS-CoV-2 and their novelty[388]. The selected compounds are derivatives
of ML300 (Fig. I1l.2.a), a potent probe noncovalent inhibitor of the SARS-CoV-1 3CLpro
developed by Molecular Libraries Probe Production Centers Network (MLPCN), that despite
its nanomolar activity, it was far from being optimized and suffered from poor metabolic
stability. A novel benzotriazole-based derivatives series was synthesized. They have a much
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more robust nanomolar and submicromolar inhibitory potential in live SARS-CoV-2, with a
better metabolic profile[388]. These derivatives were intriguing for several reasons. Their

ML300 3CLpro Inhibitors
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Fig 111.1 organizational chart of the ML300 analogues modelling

experimental activity values were determined, and thus the interpretation of a QSAR model is
applicable. Otherwise, data may risk being heterogeneous (same molecule but with two or
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more activity values from different resources). Also, their mechanism of action is well-
determined and different from the recently proven inhibitor GC376 (Fig. I11.2.b). These
molecules follow a noncovalent binding mode, while the GC376 follows a covalent binding
mode with the residues in the enzyme’s active site. The original articles[388] and [389]
explain the detailed mechanisms for the ML300 derivatives series and GC376, respectively. It
is worth mentioning that, generally, noncovalent inhibitors are advantageous over covalent
inhibitors in terms of low toxicity and broader inhibition spectrum[390]. This means that
noncovalent inhibitors are not only safer and more likely to reach clinical trials and approval,
but they can also affect similar targets, which means they are more likely to be repurposed or
repositioned. For example, ML300 analogues can target HKU4, a suspected reservoir host for
MERS[391]. Finally, the quantitative structure—activity for these derivatives remains
unknown[388], making modelling this relationship necessary. Thus, the QSAR models built
on the selected database open the door to discovering novel potent noncovalent inhibitors,
different from the proven covalent ones, and pave the way for further docking, virtual
screening, and synthesis research to identify potential hits based on its findings.

\\ ___-NH
2B i
i

(@) (b)
Fig.111.2 2D structures of noncovalent and covalent inhibitors: (a) ML300,(b) GC376

The visualization of the molecules' structures and the generation of their 3D structures with
minimal energy were carried out using the Data-Warrior software[392]. All the used
molecules are presented in Table S-111.1, along with their 1Csy values and other information.
For linearization purposes, the experimental values of the half maximal inhibitory
concentration (ICsp, NM) were converted to 9 minus the negative decimal logarithmic scale
(p|C5o = 9-|Og (|C50))
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Table I11.1 ML300 analogues database

SMILES Notation Structure No | 1C50 (nM) Institution
Clclec(cccl)CN(C(=0)Cnlnnc2clcecc2)clecc(ccl)C1=NC |1 19 Cleveland Clinic
N=C1
Clclcc(cc(F)c1)CN(C(=0O)Cnlnnc2clcccc2)clecc(ccl)- 4 74 Cleveland Clinic
clccencl
slcc(ccl)CN(C(=0)Cnlnnc2clcccc2)cleec(ccl)- 5 110 Cleveland Clinic
clcn[nH]cl
Clclce(cc(Clhcl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)- 7 111 Cleveland Clinic
clccencl
slcc(ccl)CN(C(=0)Cnlnnc2clceec2)clcec(ccl)C1=NCN= |9 150 Cleveland Clinic
Cl
Clclce(cccl)CN(C(=0)Cnlnnc2clcecc2)clec(OC)c(ccl)- 13 206 Cleveland Clinic
clcn[nH]cl
Clclce(cccl)CN(C(=0)Cnlnnc2clcecc2)cleec(cclOC)- 14 208 Cleveland Clinic
clcn[nH]cl
Clclec(cecl)CN(C(=0)Cnlnnc2clcccc2)clnce(ccl)- 15 214 Cleveland Clinic
clcn[nH]cl
Clclec(cecl)CN(C(=0)Cnlnnc2clcecc2)clcecc(ccl)- 16 250 Cleveland Clinic
clccencl
Clclec(cccl)CN(C(=0)Cnlnnc2clcccc2)clecce(ccl)- 21 334 Cleveland Clinic
clcen[nH]cl
Clclcc(cccl)CN(C(=0)Cnlnnc2clcccc2)cleec(ncl)- 22 336 Cleveland Clinic
clcen[nH]cl
Clclcc(cncl)CN(C(=0)Cnlnnc2clcccc2)clcec(ccl)- 23 370 Cleveland Clinic
clccencl
slcc(ccl)CN(C(=0)Cnlnnc2clceec2)cleec(ccl)C(=0O)N 24 380 Cleveland Clinic
Clclec(cecl)CN(C(=0)Cnlnnc2clcccc2)cleec(ccl)C1=CC | 29 657 Cleveland Clinic
=CNC1=0
O=C(N(CC1CCcC1)clcce(ccl)-cleeencl)Cnlnnc2clcecc2 31 780 Cleveland Clinic
slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)C1l=CC=C | 32 780 Cleveland Clinic
NC1=0
Clclec(cccl)CN(C(=0)Cclccencl)cleec(ccl)-clen[nH]cl | 34 864 Cleveland Clinic
slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)-clnceecl | 35 900 Cleveland Clinic
slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)-clecencl | 37 930 Cleveland Clinic
O=C(N(CC1CCCC1)clccc(ccl)-cleecencl)Cnlnnc2clcecc? | 39 1000 Cleveland Clinic
slcc(ncl)CN(C(=0)Cnlnnc2clcccc2)clecc(ccl)-clecencl | 40 1130 Cleveland Clinic
slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)clecc(NS(=0)(=0)C) | 43 1400 Cleveland Clinic
ccl
slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)-cleencel | 45 1570 Cleveland Clinic
O=C(N(CC1CC1)clcce(ccl)-clecencl)Cnlnnc2clcecc2 49 2440 Cleveland Clinic
Clclcc(cccl)CN(C(=0)Cclenencl)clcecec(ccl)-clen[nH]cl | 51 2723 Cleveland Clinic
slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)- 52 3090 Cleveland Clinic
clccenclOC
O=C(N(CCC(C)C)clccc(ccl)-cleecencl)Cnlnnc2clcecc? 54 4210 Cleveland Clinic
slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)clecc(NC(=0)C2CC2 | 55 4450 Cleveland Clinic

)ccl

63




Clclcc(ccclF)CN(C(=0)Cnlnnc2clcecc2)clecc(ccl)- 57 4870 Cleveland Clinic
clccencl

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)clecc(NS(=0)(=0)C2 | 60 7980 Cleveland Clinic
CC2)ccl

slcc(ccl)CN(C(=0)Cnlnnc2clcecec2)cleec(ccl)- 64 11310 Cleveland Clinic
clncn(cl)C

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)C(=O)NCL | 66 16550 Cleveland Clinic
CC1

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)-cleccecl | 67 16820 Cleveland Clinic
slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleececl 69 19730 Cleveland Clinic
O1C[C@H](CC1)CN(C(=0)Cnlnnc2clccec2)clcec(ccl)- 71 20500 Cleveland Clinic
clccencl

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)- 72 22780 Cleveland Clinic
clen(ncl)C

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)clecc(ccl)C1=NCN= |2 60 Cleveland Clinic
Cl

Clclecc(cecl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)C1=NC | 3 68 Cleveland Clinic
N=C1

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)- 6 110 Cleveland Clinic
clcen[nH]cl

Clclcc(cc(F)c1)CN(C(=0O)Cnlnnc2clcccc2)clecc(ccl)- 8 119 Cleveland Clinic
clccencl

Clclcc(cccl)CN(C(=0)Cnlnnc2clcecc2)clnce(ccl)- 10 171 Cleveland Clinic
clcen[nH]cl

Clclcc(cc(Clcl)CN(C(=0)Cnlnnc2clccec2)cleec(ccl)- 11 176 Cleveland Clinic
clccencl

Clclcc(cccl)CN(C(=0)Cnlnnc2clcccc2)cleec(cclOC)- 12 197 Cleveland Clinic
clcen[nH]cl

Clclec(cecl)CN(C(=0)Cnlnnc2clcecc2)clecce(ccl)- 17 270 Cleveland Clinic
clcen[nH]cl

Clclec(ce(cl)C)CN(C(=0)Cnlnnc2clcecc2)clecc(ccl)- 18 312 Cleveland Clinic
clccencl

Clclec(cecl)CN(C(=0)Cnlnnc2clcecc2)clec(OC)c(ccl)- 19 328 Cleveland Clinic
clcn[nH]cl

Clclcc(cecl)CN(C(=0)Cnlnnc2clcccc2)cleec(ncl)- 20 333 Cleveland Clinic
clcn[nH]cl

Clclec(ceccl)CN(C(=0)Cnlnnc2clcecc2)clecce(ccl)- 25 390 Cleveland Clinic
clccencl

slcc(ccl)CN(C(=0)Cnlnnc2clcccc2)cleec(ccl)C(=0O)N 27 440 Cleveland Clinic
Clclce(cncl)CN(C(=0)Cnlnnc2clcccc2)clcec(ccl)- 28 540 Cleveland Clinic
clccencl

Clclcc(cecl)CN(C(=0)Cnlnnc2clcccc2)cleec(ccl)C1=CC | 30 746 Cleveland Clinic
=CNC1=0

O=C(N(CC1CCcC1)clcce(ccl)-cleeencl)Cnlnnc2clcecc2 33 830 Cleveland Clinic
slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)C1l=CC=C | 36 920 Cleveland Clinic
NC1=0

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)-clecencl | 38 950 Cleveland Clinic
O=C(N(CC1CCCC1)clccc(ccl)-clecencl)Cnlnnc2clceec? | 41 1160 Cleveland Clinic
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Clclcc(cccl)CN(C(=0)Cclecencl)cleec(ccl)-clen[nH]cl | 42 1270 Cleveland Clinic
slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)clccc(ccl)-clnccecl | 44 1400 Cleveland Clinic
slcc(ncl)CN(C(=0)Cnlnnc2clccec2)clecc(ccl)-clecencl | 46 1590 Cleveland Clinic
slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)clecc(NS(=0)(=0)C) | 47 1610 Cleveland Clinic
ccl

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)-cleeneel | 48 2090 Cleveland Clinic
O=C(N(CC1CC1)clccc(ccl)-cleecencl)Cnlnnc2clcecc2 50 2510 Cleveland Clinic
Clclec(cecl)CN(C(=0)Cclenencl)clcecec(ccl)-clen[nH]cl | 53 3442 Cleveland Clinic
O=C(N(CCC(C)C)clccce(ccl)-cleecencl)Cnlnnc2clcecc? 56 4620 Cleveland Clinic
slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)clecc(NC(=0)C2CC2 | 58 4990 Cleveland Clinic
ccl

llcc(ccl)CN(C(:O)Cn1nnchlcccc2)c1ccc(ccl)- 59 5070 Cleveland Clinic
clccenclOC

Clclcc(ccclF)CN(C(=0)Cnlnnc2clcccc2)clecc(ccl)- 61 8530 Cleveland Clinic
clccencl

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)clecc(NS(=0)(=0)C2 | 62 8770 Cleveland Clinic
CC2)ccl

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)- 63 9550 Cleveland Clinic
clnen(cl)C

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)clecc(ccl)C(=O)NCL | 65 15940 Cleveland Clinic
CC1

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)cleec(ccl)- 70 20390 Cleveland Clinic
clen(ncl)C

slcc(ccl)CN(C(=0)Cnlnnc2clcecc2)clecc(cel)-cleccecl | 74 31180 Cleveland Clinic

2.1.2. Descriptors generation and selection

Molecular descriptors are the numerical representation of molecules’ structural features; they
were calculated by Blue-Desc Descriptor Calculator
(http://www.scbdd.com/blue_desc/index/) through the online platform ChemDes[325] to
obtain134 3D, 2D, and 1D descriptors of various families (topological, electronegativity,
autocorrelation, functional groups). The genetic algorithm and Double Cross-Validation DCV
tool[334] were used to select only the representative descriptors. This step removes highly
correlated descriptors, null, infinity, constant, and near constant descriptors (minimal
deviation of the descriptors’ values for the molecules). It leaves only the descriptors that
induce a change in the activity value when they change. Hence, the number of descriptors was
reduced to 7 impactful descriptors and thus forming a matrix of 71 x 7.

2.1.3. Data division and model development
The data set was optimally distributed into a train set, containing 80% of the dataset, and a
test set, including 20% of the dataset. QSAR models were developed using MLR, SVR, and
PSO-SVR. The MLR was performed using MLRplus Validation 1.3 software
(http://teqip.jdvu.ac.infQSAR_Tools/) whereas the SVR and PSO-SVR algorithms were
conducted using MATLAB environment.
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2.1.4. Regression methods

2.1.4.1.  Multiple linear regression
Multiple Linear Regression MLR is a type of linear regression that takes more than one
explanatory (independent) variable (X1, ..., x,) to build a multivariate predictive model[393].

The independent variables should not be correlated but uniquely describe the outcome
(dependent variable), while their number should be kept below one-fifth of the number of
observations. A fast statistical analysis on the descriptors will reveal the over-fitting problem.
Accordingly, the number of independent variables can be decreased to avoid over-fitting in
the MLR model[394].

2.1.4.2.  Support vector regression

Support Vector Regression SVR is a regression technique rooted in Vapnik’s concept of
support vector. SVR is a kernel-based technique with a solid theoretical basis and is generally
easier to implement than artificial neural networks, its major competitor[395].SVR is a
supervised-learning machine characterized by using Kernel functions, the number of support
vectors, penalty parameters C, coefficient of non-sensitivity €, and the Gaussian nucleus
bandwidth 6[396]. These parameters can be manually defined or by the mean of heuristic
optimization algorithms.

2.1.4.3.  Particle swarm optimization PSO

Inspired by the behaviour of swarms such as birds’ flocks and ant colonies, Particle Swarm
optimization is a widespread metaheuristic that Kennedy and Eberhart first developed. It
solves complex nonlinear optimization problems with the advantages of having fewer
parameters to adjust and an already available literature discussion and community for the
parameters that should be adjusted[397]. It consists of finding the solution (global best gbest)
by comparing and updating an individual’s information of position and velocity (personal best
pbest)[398]. PSO is coupled with machine learning algorithms to determine their optimal
parameters.

2.1.5. Statistical validation

Statistical validation establishes the reliability and relevance of the built model for the specific
target[321]. One of the challenges of validating the QSAR model is to prove it statically
accurate in predicting the activity of new molecules unknown to the model[336]. Internal and
external validation criteria were calculated using the external validation tool downloaded from
https://sites.google.com/site/dtclabxvplus/ and the Leave One Out validation from
https://dtclab.webs.com/software-tools. An extensive explanation of the tool and the metrics
used has been detailed in the literature[334,367]. Another recent and exciting criterion to
compare different models’ fit, is Akaike’s information criterion AIC. The lowest value of the
AIC corresponds to the model that is best fitted to the experimental data[399]. The used
statistical validation criteria and their formulas are detailed in Table 111.2.

2.1.6. Applicability domain
The Applicability Domain AD is a theoretical space defined by the model’s descriptors and
the predicted response of the molecules. The model is considered reliable in the AD space.
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Thus, the modelled responses outside the AD are considered outliers[322]. The AD estimation
approaches can be classified as descriptor-space-based and training-set-response-space-based
approaches.

The first includes ranges in the descriptor space; the geometric training-set-response-space-
based approach includes the range of the variable response technique. Thus, a molecule is
considered outside the AD of a particular model if it satisfies the following conditions: (i) at
least one descriptor is outside of the ranges approach, and (ii) the distance between the
chemical and the center of the training data set is greater than the acceptable threshold for
distance approaches[322]. In the present work, the AD was calculated using the Applicability
Domain MATLAB toolbox downloaded from https://michem.unimib.it/.

2.2. Heterogeneous inhibitors
The methodology used to model the heterogeneous dataset consists of combining Structure-
Based and Ligand-Based approaches to best identify potential inhibitors. The methodology is
illustrated in Fig 111.3.

2.2.1. Dataset retrieval and pretreatment

Molecules were extracted from the ChEMBL database. Molecules were visualized and
pretreated using the Data Warrior[392] and Alva Molecule
(www.alvascience.com/alvaMoecule/) softwares. Molecules with no or a greater value than
10000 nM ICs, the half-maximum inhibitory activity values, were discarded. All the selected
molecules have molecular weights between 200 and 800 Da, ensuring that they have a good
permeability in the cell membrane, and thus ensuring a good drug likeliness. Duplicated
structures were also removed. A sample of the selected inhibitors is shown in Fig I11.4, and
the extended list of all the molecules along with their corresponding 1Csy and other
information are listed in the Supplementary File as and SDF format in the supplementary
material. For linearization purposes, the negative decimal logarithm of the I1Cs, was used.

2.2.2. Molecular descriptors calculation and selection
Molecular descriptors were calculated using AlvaDesc software[324]. A total of 5666
descriptors of all types were obtained. A selection of the representative descriptors was
performed using SVM implemented in the Alvamodel software
(www.alvascience.com/alvaModel/). The final matrix to be used as an input to the regression
algorithm consisted, thus, of 246x10.

2.2.3. Database division
To find the best percentage of the train and test sets, many trials were carried out varying the
test set fraction from 0.35 to 0.15. The best results were obtained at the fraction of 0.2. The
test and train data were selected randomly.
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Table I11.2 Validation criteria

Metric Name Formula
R2 Coefficient of determination 2 (Yons ~Y...)
R¢? Determination coefficient without intercept X (Y calc) where -k — 2 (Yobs Yearc)
P A 0 ' 2. (Y, Ca,c)z
Q2 Leave one out 1— Z(Yobs train) calc(tram))2
Z(Yolos(traun) _trammg )2
F Average n? rrf;rmz ,where : r? =r2x(1— (rz—roz));rn;2 =r2x(1— (rz—ro'z))
Arg? Delta r,2 ‘rn? _ 'ﬂ
RMSE Root mean square error \/ (Y, obs) calc)2
n
SD Standard deviation Z(Yobs —Yearc)
n
MAE Mean absolute error Z(Yobs(train) —Ycam(tram))
n
Q% 1- Z(Yobs(test) _Ycalc(test))2
Z(Yob§@) _Y_test)2
AIC Akaike’s information criterion

2n (n, +1
AIC = nIn(SSEJ+2np+M where : SSE = (Y —Yeure)’
n n—(n,+1)’
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2.2.4. Regression methods

2.2.4.1.  Support vector machine
Details provided above. Please refer to 2.14.2. Support Vector Regression

2.2.4.2. Dragonfly Algorithm

First introduced in 2016, Dragonfly Algorithm DA is an intelligence optimization algorithm
that is inspired by dragonflies' static and dynamic behaviors[352]. The optimization process
relies on two major steps: exploration and exploitation achieved through attracting food
sources and repelling enemies[203]. When coupled with the SVM regression method, DA
allows the final hybrid model to be more performing, more robust, and less likely to overfit
data thanks to its ability in solving nonlinear problems[400]. Hence, the DA algorithm was
used to find the optimized combination of the hyper-parameters C, o, and & values for the
SVR model.

2.2.4.3.  Conventional neural network CNN
A Convolutional Neural Network (CNN) is a type of deep learning algorithm. CNNs in
CADD are used to predicting biological activities and understanding molecular properties by
automatically extracting intricate patterns from complex structures, thus significantly aiding
drug discovery and design efforts. Its architecture involves the input, convolutional, pooling,
fully connected, and output layers along with the learning rate and the activation
function[401].

2.2.4.4. The hybridization of CNN and DA:

The Artificial Neural Network (ANN), specifically CNN, stands as a significant competitor to
SVR in the realm of soft computing techniques[43]. Both of these established methods exhibit
their own strengths and limitations within the domain of Computer-Aided Drug Design
(CADD). Therefore, CNN was chosen for comparison with SVR, primarily due to its
complexity and ability to handle intricate non-linear problems. To enhance CNN's
performance, it was hybridized with DA to optimize the learning rate, a pivotal parameter in
CNN's training and model compilation process. This coupling of CNN with DA serves two
main purposes: firstly, exploring the uncharted territory of DA-CNN QSAR models in
CADD, especially in predicting the activity of SARS-CoV-2 inhibitors, as no papers were
published in this regard; and secondly, ensuring a statistically and algorithmically sound and
comprehensive comparison between DA-SVR and CNN, necessitating the integration of CNN
with DA.
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2.2.45. Bayesian Regularization-Backpropagation Neural Network BR-BPNN
BR-BPNN is a type of Feedforward Neural Network FNN, a fundamental type of artificial
neural network where information travels in only one direction —forward- from the input
nodes, through hidden nodes (if any), and finally to the output nodes. Bayesian
Regularization-Backpropagation™ specifically refers to the training algorithm used for this
neural network. In the case of BR-BPNN, Bayesian regularization is integrated with the
backpropagation algorithm. Backpropagation is a supervised learning algorithm commonly
used for training neural networks. It minimizes the error between the predicted output and the
actual output by adjusting the network’'s weights iteratively[402]. The choice of the BR-
BPNN was deliberate, leveraging its inherent power in a relatively simpler architecture.
Unlike the complexity of SVR and CNN, BR-BPNN represents the fundamental and
foundational form of Artificial Neural Networks ANN. Despite its basic structure, BR-BPNN
proves to be exceptionally powerful[403]. Therefore, BR-BPNN was used to examine the
level of complexity of the studied phenomenon. It was used solely without hybridization since
it has only one parameter to tune, which is the number of neurons.

2.2.5. Validation metrics

Statistical validation of any QSAR model plays a key role in the reliability of the considered
model[404]. This important step allows the assessment of the predictive ability of the model
both internally (the training set) and externally (the test set)[211]. This is achieved through the
calculation of several criteria listed in table Table IlIl.1 namely the coefficient of
determination R?, coefficient of cross-validation Q?, and the Root Mean Squared Error RMSE.
The insights gained from these metrics allow the judgment of the performance and
generalization of the model.

2.2.6. Applicability domain
Details provided above. Please refer to 2.1.6. Applicability domain

2.2.7. ADMET properties

Absorption, Distribution, Metabolism, Exertion, and Toxicity are the main reason why most
drug candidates fail in clinical trials[269]. A significant barrier to drug discovery and design
is the integrated optimization of the ADMET properties[268]. To predict the ADMET
properties, the SwissADME online server[250] was used to determine (i) the drug likeliness
with respect to the Lipinski Rule of 5, Veber, Ghose, Muegge, and Egan and (ii) lead
molecules and synthesis accessibility scores. While the ADMET Lab 2.0 web server[271] was
used to predict the Absorption, Distribution, Metabolism, Exertion, and Toxicity of the
molecules. Furthermore, 24 molecules that showed good pharmacokinetics and drug-like
properties with respect to the Lipinski rule, were kept for further docking analysis.

2.2.8. Molecular docking

2.2.8.1.  Macromolecule preparation
The 3-dimensional crystal structure of the target protein (3CLpro) was retrieved from the
trusted[270] Protein Data Bank PDB website of macromolecules’ crystal structures[405]. The
protein under code 6LU7 with a resolution of 2.16 A was downloaded in PDB format.
Undesirable molecules, such as water molecules, ligand along with extra chains were
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removed and the protonation was performed using the UCSF Chimera package (version
1.16)[406]. The determination of the active site of the enzyme was performed using the
previous software.

2.2.8.2.  Small molecules preparation
The 24 molecules showing drug-likeliness properties were optimized by minimizing their
energy using the MMFF94 forcefield method and generating their 3-dimensional conformers.
The visualization, generation of the conformers and minimization of the energy were carried
out using the Data Warrior software. The molecules were saved in a single file in SDF format
and can be found in Table I11.3.

2.2.8.3.  Molecular docking analysis and post-docking protocol
Molecular docking stands for great importance in drug discovery as it studies the affinity
between the target and the ligand at different poses of the ligand(Stanzione et al. 2021). The
molecular docking was performed in Auto Dock Vina(Trott and Olson 2010) using the script-
based multiple docking method in an Ubuntu environment.

Table 111.3 Major ADMET properties for the selected 24 molecules

SMILES

Lipinski

Rule

Pfizer
Rule

GSK Rule

Golden
Triangle

Ghose
Rule

Veber
Rule

Muegge
Rule

Leadlikeness

Rule

Clclence(cl)OC(=
O)Cl=CC=C[C@
H]2C1=NC=C2

Accepted

Rejected

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Clclcence(cl)OC(=
O)Cl=CC=C[C@
H]2C1=NC=C2

Accepted

Rejected

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

NC(=O)clccc2ce(c
1)C(=0)C(=0)N2
Cclccc2c(cl)cece
2

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Clclence(cl)OC(=
O)Cl=CC2=CC=
N[C@H]2C=C1

Accepted

Rejected

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

O=C(C(=0)C1=C
C2=CC=N[C@H]
2C=C1)Onlnnc2c
lccec?2

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted
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Nclcce(ccl)clnc2
c(s1)c(c(cc2)C)S(
=0)(=0)0

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Oclcc(O)c2c(cl)o
c(c(c2=0)0O)clccc
(c(c1)O)O

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

CCI1CCN(CC1)S(

=0)(=0)clccc2ce(c
1)C(=0)C(=0O)N2

C

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

COclcce(cclO)[C
@@H]1CC(=0)c2
c(01)cc(cc20)0

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

CCL1CC(C)CN(C1
)S(=0)(=0)clccc2
¢(c1)C(=0)C(=0)

N2

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

N#Cclccc2c(cl)C
(=0)C(=0)[C@H]
2Cclc(C)noclC

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

CCL1CC(C)CN(C1
)S(=0)(=0)clccc2
c(c1)C(=0)C(=0)

N2C

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

OC(=0)C(=0)CC(
=0)clccec(cl)NC
clcceecl

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

O=C1Nc2c(C1=0)
cc(cc2)S(=0)(=0)
N1CCCCC1

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

C[C@H]1CCCCN
1S(=0)(=0)clccc
2¢(c1)C(=0)C(=0
N2

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted
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FC1=C[C@H]2C(
=CC(=N2)C(=0)C
(=0)On2nnc3c2cc
cc3)C=C1

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Clclcee(ccl)S(=0
)(=O)clcnc(nclN)
N

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

O=C(CN(S(=0)(=
O)clcceec(c1)CHC)
NC1CCCC1

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Brclcnce(cl)OC(=
O)clcccol

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Clclence(cl)OC(=
O)Cl=CC=CC2=
NC=C[C@H]12

Accepted

Rejected

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Clclcenc(cl)OC(=
0O)C1=CC2=NC=
C[C@H]2C=C1

Accepted

Rejected

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Clclence(cl)OC(=
0O)C1=CC2=NC=
C[C@H]2C=C1

Accepted

Rejected

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

CCLCCN(CC1)s(
=0)(=0)clccc2ce(c
1)C(=0)C(=0)N2

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

O=C1N(C)c2c(C1
=0)cc(cc2)S(=0)(
=0O)N1CCOCC1

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

Accepted

The visualization of the docking results in terms of the best ligand pose and the examination
of the target-ligand interactions was performed by the BIOVIA Discovery Studio 2021 tool. It
illustrates the 2 and 3-dimensional interactions with the bond’s lengths. Ligands were
examined separately by BIOVIA DS in a PDB file containing the enzyme complexed with the
ligand in the best pose.
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CHAPTER 1V
Results and Discussion




1. ML300 analogues

1.1. Selection of representative descriptors
The selection was performed using the GA in Build-QSAR software, revealing the seven most
representative descriptors: numberOfHal, SPC-6, WTPT2, MOMIXZ, KierShape2,
Numberrotatablebonds, ATSm2.

1.1.1. Constitutional descriptors
Number of hal: A 1-dimensional descriptor representing the number of halogen atoms in the
molecule. Halogens are highly electronegative species and are thus highly reactive as they
interact with a donor of electron density[407]. The organic halogens form halogen bindings
with the amino acid residues in the active site, specifically chlorine that highly interacts with
leucine[408].

Number rotatable bonds: It is a one-dimensional descriptor that counts the number of bonds
that allow free rotations around themselves[409]. The existence of rotatable bonds increases
the bioavailability of the molecule and thus indicates the ability for good drug efficacy. The
bioactivity depends on the number of rotatable bonds: ten rotatable bonds or fewer bonds
have a significant positive impact on the bioavailability and, henceforth, on the molecule’s
activity[410].

1.1.2. Topological descriptors
Topological descriptors are determined from the graphical representation of molecules
without hydrogen atoms. They are thus two-dimensional descriptors that value the weighted
arrangement of atoms and their bonds[322].

SPC-6: In general, connectivity indexes measure the possibilities of a molecule interacting
with another molecule in a milieu. SPC-6 is a 2-dimensional descriptor that stands for Chi
Path/Cluster index. It evaluates the connectivity index at the sixth order or the sixth degree of
branching[325]. SPC-6 considers an atom’s number of electrons and valence electrons. It
represents the hypervolume of order 6 in a molecule resulting from contributions of
cluster/path fragments[411] and, therefore, the accessible reactivity space of a molecule with
the target, in this case, the active site of 3CLpro.

WTPT2: Weighted path-2 is a two-dimensional descriptor[412] that measures weighted paths
of length two in a molecule divided by the number of atoms in the same molecule[412]. In
graph theory, a path is an alternating sequence of vertices and edges that begins and ends with
a vertex without passing by the same vertex more than once. A weighted path assigns a
numerical value (weight) to each edge depending on the type of atom existing, thus providing
information about the alignment and sequence of atoms and, henceforth, about the
physicochemical properties of a molecule[412]. Additionally, molecules with similar WTPT2
values are more likely to share similar structures and, thus, similar potency. Therefore,
WTPT2 can be very useful in similarity screening. More importantly, high values of WTPT2
indicate a more compact and branched structure, with shorter average distances between pairs
of atoms. This is useful in inhibiting 3CLpro since the latter has multiple sub-sites and a
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complex shape with several pockets. A more branched complex molecule is likelier to fit and
interact with the 3CLpro active site[413].

Kier Shape 2: It calculates the Kier shape for paths with a length of two[414]. This descriptor
provides information about the molecular shape, normalized by the number of atoms relative
to the star and linear graphs: the extreme shapes a molecule can take. The shape of a molecule
directly influences the structural complementarity with the active site of the target enzyme. It
allows the occurrence of intermolecular forces with minimum energy. K2 index quantitates
the contribution of the molecular shape to the molecular activity.

1.1.3. Geometrical descriptors

MOMIXZ: A three-dimensional descriptor that measures the moment of inertia along the
axes ratio X to Z[414]. The moment of inertia generally describes how the mass of a rigid
body is distributed. The descriptors MOMY X and MOMY Z measure how hard it is to spin
the molecule along the axes X and Z, respectively. The closer the mass is to the axis, the
smaller the moment of inertia. MOMIXZ compares the moment of inertia of axis X to Z. In
other words, it provides information about the molecule’s orientation when in contact with the
active site of 3CLpro. It is also noted that the moment of inertia evaluates properties such as
geometry, shape, and conformation[415]. This stands for great importance as the activity of
inhibitors is directly related to the spatial conformation complementarity between the
enzyme’s active site and the molecules. A molecule must be in the proper position and have
the corresponding conformation to exhibit its inhibitory effect correctly. Otherwise, it cannot
attach to the enzyme.

The analysis of the descriptors indicates that the nature of atoms and their sequence, bonds,
and shapes influence their activity. Considering the properties of the active site of 3CLpro, it
is logical that the nature of atoms, represented by the number of halogens, matters because it
is the engine of all kinds of bonds between the enzyme and the inhibitors. The molecules’
planetary (rotatable bonds, connectivity, shape, autocorrelation, weighted path) and 3-D
dimension (moment of inertia) reflect the aspect of structural complementarity, as they
consider the shape, the sequence, the neighbouring skeletons, and the rotation among axes.

The contributions of each descriptor are illustrated in Fig IV.1 The relative importance of the
selected descriptors was calculated using the Mean Effect method[416]. The MOMIXZ
descriptor had the greatest positive importance, explaining 40% of the activity, followed by
the Kier Shape 2, Numberrota table bonds, ATSM2, and finally WTPT2, the SPC-6 had the
most significant negative contribution, followed by the Number of hal, with the most
negligible relative importance. The results further sustain the above interpretation, indicating
that to maximize the inhibitory activity of these nonpeptidic noncovalent molecules, the
structural complementarity in terms of mass centered towards the X axis over the Z axis, the
presence of rotatable bonds at least 20% in the molecules, the weighted paths of lag 2 and the
shape of fragments of lag 2 influence positively the activity. Whereas the number of halogens
slightly decreases the activity, the significant branching of molecules (6th degree) hinders the
binding with the active site. This explains the inversely proportional relationship governing
the degree of complexity of the hypervolume of interaction and the activity.
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Fig IV.1 The relative importance of the selected descriptors

1.2. QSAR models’ development

1.2.1. MLR model
This study developed an MLR model to predict the inhibitory activity of various molecules
against SARS-CoV-2, the 3CLpro viral enzyme. The established MLR model (Eg. 1) shows
the linear relationship between the selected descriptors and the activity.

pIC50 = 4,11278 + 0,17372 SPC6 — 0,50349 WTPT2 — 1,27647MOMI XZ —
0,15793types, KierShape2 — 8,14971types, FractionRotatableBonds —
0,02892ATSm?2 Eqg.1

The coefficients linked to each descriptor represent the weights and the type of contribution
(positive or negative). The validation criteria in Table I11.2 for this model showed its weak
ability to predict with relatively low R and R2 values (under the accepted value of R2<0.6).
The table indicates that the MLR model failed to pass the threshold value for r m2 (>0.5) and
Arm? (<0.2)[335]. Fig V.2 shows the regression plot for the train and test sets, where the
predicted values do not corroborate with the experimental values. The highest AIC value of
the model shown in Table 1V.1 (— 64.9684) indicates that it fitted the experimental data very
weakly. The experimental and predicted values by the MLR model are presented in Table S-
IV.1 in the annex.
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Fig VI.2 MLR regression plot

Table IV.1 Statistical criteria for the MLR, SVR, and PSO-SVR models

Validation criteria Model

MLR SVR PSO-SVR

R’ 0.4350 0.9665 0.9720

Q° 0.4350 0.9664 0.9720

Mo’ 0.2723 0.9497 0.9550

Arp’ 0.3254 0.0283 0.0244

RMSE 0.5540 0.1367 0.1243
AlC -64.9684 -249.1234 -264.5433

1.2.2. Support vector regression model
To determine the optimal values of the SVR hyperparameters, a loop was constructed to
evaluate the cost function values each time based on the hyperparameters’ incrimination. The
chosen Kernel function and the best combination of the hyperparameters were found to be
C=500, y=1, €¢=0.0485, and the Radial Basis Function RBF as the kernel function. The
predicted values of pICsy by the SVR method are listed in Table S-1V.2 in the annex. The
evaluation criteria for the training set and the test set performance of the SVR model are
summarized in Table 2. The predicted values of pICsg of the inhibitors for the training set test
set versus their observed values are represented in Fig. IV.3. The developed model showed a
good correlation between the predicted and observed values with low RMSE (0.1367), high
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R2 (0.9665), and good robustness indicating by the Q2, r m2, and Arm2 values that satisfy
the threshold value. The AIC value of this model (—249.1234) reveals that the SVR model
fitted the experimental data better than the MLR model.
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Fig IV.3 SVR Regression plot

1.2.3. SVR-particle swarm optimization model

The combination of the PSO and SVR algorithms aims to find the optimal variety of the
hyperparameters that yields the smallest error values by testing a huge number of possible
combinations. The best combination consisted of C=131.7001, y=1, and £€=0.0350. It is
thus a way to avoid the overfitting of the model with a higher R2 coefficient (0.9720) and
lower RMSE value (0.1243). The values of Q2, r m2 and Arm2 of this model also satisfy the
threshold value. The value of R2-Q2 for the whole set (both training and test) 0.9650-0.9649
is 0.0001 (accepted value <0.3), indicating that the model is not overfitted[206]. Table V.1
shows the statistical parameters for the PSO-SVR model. The AIC value of this model
(—264.5433) indicates that the model could fit the experimental data very well. Fig 1V.4
illustrates the correlation between the predicted plCsy and the observed values for the training
and test sets.
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Fig IV.4 PSO-SVR Regression plot

Table IV.2 The experimental and predicted values of pICsy predicted by the PSO-SVR model,
train values in pink, and test values in green.

plC50 experimental values Predicted by SVR-PSO
-4,361727836 -4,361784123
-4,35755372 -4,075910866
-4,311753861 -4,311766288
-4,309417226 -4,309393707
-4,295127085 -4,295536343
-4,225825991 -4,225552995
-4,202488317 -4,202273317
-4,053462605 -4,053522706
-3,980003372 -4,053522706
-3,930949031 -3,931069181
-3,902002891 -3,902231422
-3,705007959 -3,705040286
-3,687528961 -3,687458966
-3,664641976 -3,664655325
-3,648360011 -3,648372176
-3,624282096 -3,624294261
-3,489958479 -3,489583069
-3,435047641 -3,435038271
-3,399673721 -3,399909143
-3,387389826 -3,387262358
-3,320146286 -3,560089118
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-3,201397124

-3,201044374

-3,195899652

-3,19578758

-3,146128036

-3,146175938

-3,103803721

-3,103769464

-3,053078443 -3,053181556

-3 -2,999528784
-2,977723605 -2,978069675
-2,968482949 -2,858332487
-2,963787827 -2,96388628
-2,954242509 -2,954097154
-2,936513742 -2,936782252
-2,919078092 -2,918879698
-2,892094603 -2,892107029
-2,892094603 -2,891934386
-2,872738827 -2,872392347
-2,73239376 -2,723830484
-2,621176282 -2,621561383
-2,591064607 -2,591244671
-2,579783597 -2,580219499
-2,568201724 -2,723791496
-2,523746467 -1,907639805
-2,522444234 -2,522099604
-2,494154594 -2,624791863
-2,431363764 -2,431474917
-2,397940009 -2,398079074
-2,330413773 -2,330132903
-2,318063335 -2,31762089
-2,245512668 -2,245555943
-2,176091259 -2,175690512
-2,075546961 -1,92299062
-2,041392685 -2,041530741
-2,041392685 -2,041356723
-1,86923172 -1,869318468
-1,832508913 -1,832608239
-1,77815125 -1,778012686
-1,278753601 -1,821768458
-2,045322979 -2,42889648
-2,31386722 -2,385184222
-2,526339277 -2,655330969
-4,218797998 -4,164205024
-2,23299611 -2,521138734
-2,294466226 -2,295267553
-2,515873844 -2,349846077

82




-2,643452676 -2,802084604
-3,064457989 -3,09915499
-3,146128036 -3,496282563
-3,206825876 -3,146175938
-3,536810866 -3,63050825
-3,698100546 -3,668349001
-3,942999593 -3,864053299

1.2.4. External validation
The calculation of the external validation criteria on the test set of each model shows the
performance for SVR and PSO-SVR followed by MLR (R2z 0.9310, 0.8932, and
0.2851respectively) and low RMSEP values (0.1870, 0.2203, and 0.6465 respectively. The
external validation criteria evaluated the models’ accuracy and ability to predict unseen data,
and the results are demonstrated in Table 1VV.3. The results show that the MLR model could
not perform well on the test data. This is shown by the low CCC value, the high root mean
square error RMSE and the mean absolute error MAE. The PSO-SVR model outperformed
the SVR model regarding generalization and prediction ability regarding correlation metrics
and error metrics, indicated by higher CCC and Q,F; values and lower RMSE and MAE
values. Generally, the SVR and PSO-SVR models showed good statistical significance and

robustness.

Table IV.3 External validation criteria for the MLR, SVR, and PSO-SVR models

Validation criteria Model
MLR SVR PSO-SVR

R°Test 0.2851 0.8932 0.9310
Q% 0.6327 0.9121 0.9765

rm 0.0414 0.7671 0.8959
Alm? 0.4245 0.1099 0.0569
CCC 0.3877 0.9218 0.9639
RMSE 0.6465 0.2203 0.1870

1.2.5. Applicability

domain

Multiple linear regression

The domain of applicability of the MLR model was analyzed by the William plot (Fig IV.5.a).
It shows a total distribution of the predicted points in the range of the.applicability domain
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[-3, 3], with one influential point exceeding the critical leverage point of 0.35. All the
predicted values did not align close, but all fell inside the domain, indicating that the model
found no response outliers

Support vector regression

The applicability domain was analyzed using the William Plot, as shown in Fig IV.5.b. This
shows that about 98.59% of the values are within the applicability domain's critical leverage
point range. Also, it was noticed that the whole test set and 96.5% of the training set are
included in the domain. Only two points (molecules 1 and 14) are outside the domain with
relatively high standardized residual values.

Standardised residuals
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Fig V.5 Applicability domain of (a) MLR model, (b) SVR model, and (c) PSO-SVR model
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SVR-particle swarm optimization

William’s plot for the PSO-SVR model (Fig 111.7.c) shows that one molecule (molecule 55)
did exceed the critical leverage value of 0.35, and two other training molecules (molecules 1
and 17) lie outside the standard residual’s boundaries [— 3, 3]. However, most points aligned
with the 0 standard residuals, and only a few were distributed in the space domain.

1.2.6. Models’ comparison

The analysis of the applicability domains indicates that despite the existence of a few outliers
in the SVR and PSO-SVR models, they remain reliable as the standard residual values of the
influential molecules are low, and the majority of the points align with the zero standards
residual rather than covering the whole domain. A closer look at the SVR and PSO-SVR
models shows that the predicted values by the PSO-SVR align better with zero standard
residual value than those predicted by the SVR, and both models had an X outlier. These
observations suggest that molecules 55 and 34 for PSO-SVR and SVR models are
descriptors’ outliers and, thus, an influential point. Although the presence of outliers is a
normal phenomenon, it may be due to the model errors and/or errors associated with
experiments. In conclusion, the analysis of the applicability domain confirmed the robustness
and the predictivity of the PSO-SVR model.

According to the statistical criteria above, the PSO-SVR model showed the best performance,
followed closely by the SVR model with good predictivity. In contrast, the MLR model had
relatively weak metrics, resulting in the lowest performance and predictability. While the
MLR method aims to build a predictive model, it is also, more importantly, to verify the
linearity of the studied phenomenon. It confirms that the studied phenomenon is nonlinear and
that the MLR method cannot be applied to this database. Henceforth, using nonlinear methods
is a justified need, which explains the better results obtained by the PSO-SVR and SVR
algorithms. Using a metaheuristic algorithm to tune the SVR parameters rather than the trial-
and-error method is one reason the PSO-SVR method performed better. Moreover, it avoids
the overfitting of the model as it allows the model to reach a degree of complexity suitable to
that of the studied phenomenon.

Moreover, the SVR model showed a close performance on the training set with the PSO-SVR
model with R2SVR=0.96, R?PSO-SVR=0.97, RMSESVR=0.12, and RMSEPSO-
SVR =0.13. This renders it complex to conclude the outperformance of PSO-SVR. However,
a closer look at the external validation criteria shows the significant outperformance of PSO-
SVR with R2=0.93, Q2=0.97, and RMSE=0.18 in contrast to R2=0.89, Q2=0.91 and
RMSE =0.22 of the SVR model, indicating the superiority of PSO-SVR in generalization and
predictive ability of unknown datasets, endorsing the importance of parameters tuning by
metaheuristic algorithms. These findings are confirmed by the analysis of the AIC, where the
PSO-SVR model had the lowest value, followed by SVR and MLR, indicating that the PSO-
SVR performed the best. Furthermore, since the difference in the AIC values between the
PSO-SVR and SVR models is greater than 2, the PSO-SVR model can safely be considered
significantly better than the SVR model, indicating that having a metaheuristic algorithm
improved the prediction results.
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1.2.7. Comparison with literature
Many papers were published to provide a predictive model for the 3CLpro inhibitors, using
classical algorithms, with acceptable performance. The detailed comparison is demonstrated
in Table IV.4. However, the hybrid PSO-SVR algorithm improved the models’ precision and
accuracy and outperformed all the listed models. This confirms the significance of the
proposed model in predicting the inhibiting activity against the 3CLpro.This outperformance
can be algorithmically explained as follows:

Nonlinearity aspect: Unlike MLR, PLS and their hybridization (GA-MLR and PLS-MLR),
which apply only to linear problems, SVR can handle complex nonlinear issues with excellent
efficiency. Notably, the prediction of the inhibitory activity of molecules is a complex
phenomenon, most often nonlinear, and thus requires a strong nonlinearity potential and the
ability to adapt to its level of complexity, which linear algorithms fail to have. This is why
SVR outperformed linear models such as MLR and PLS.

Generalization and overfitting: SVR and ANN have their strengths and weaknesses; SVR
can be considered better than ANN when applied to small datasets. ANN tends to overfit
when trained on a small dataset since it has many parameters. When the number of parameters
is large enough compared to the number of observations, ANN tends to learn the noise instead
of the underlying patterns, which affects its performance on the test/external datasets. On the
contrary, SVR has fewer parameters to tune and regularization parameters, ensuring avoiding
overfitting problems and a good performance on unseen datasets[417]. In Computer-Aided
Drug Design (CADD) and QSAR modelling for identifying SARS-CoV-2 inhibitors (or a
novel pandemic or disease), little is known about potential molecules, and derivatives and
analogues are designed in a limited number. Therefore, datasets of molecules against novel
diseases like COVID-19 tend to be small and risk being overfitted if modelled by ANN. This
explains why the proposed model outperformed the ANN-reported model.

Flexibility and ability to handle outliers: Hologram QSAR (HQSAR), Comparative
Molecular Field Analysis (CoMFA) 3D QSAR and Monte Carlo techniques are based on
different principles (images of electronic structures and steric properties of molecules for
HQSAR[371], deriving quantitative relationships between the activity and the structure by
comparing the electrostatic and steric interactions of molecules and a reference drug for
CoMFA[372], and evolving randomly to generate several models and selecting the best one
for Monte Carlo[369]). However, they are similar in how they differ from SVR: they use
images and interactions as input instead of comparison or simulation instead of numerical
values of molecular descriptors and rely on comparing molecular similarity or fitting a
mathematical function to data instead of supervised machine learning. SVR uses less complex
inputs and can adapt to different levels of complexity thanks to the kernel functions and
perform better on nonlinear phenomena. Also, thanks to the support vectors and the
boundaries in SVR, it handles outliers more effectively than the methods above, which can be
very sensitive to outliers. This is useful, especially when handling heterogeneous datasets.

PSO robustness: Particle Swarm Optimization (PSO) is used to tune the parameters of
machine learning algorithms. It is advantageous over other metaheuristic algorithms such as
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Genetic Algorithm GA since it is less sensitive to the initialization parameters, unlike GA,
which is highly influenced by them and, therefore, less robust than PSO. PSO allows a large
search space leading to a fine-tuning of parameters and, thus, a better convergence, in addition
to a short computational time. Algorithmically, this is the reason why the proposed PSO-SRV
model outperformed the reported GA-SVR model[418].

Table 1VV.4 Comparison between literature and the present paper

References Target Model output | Best model | Database size Metrics
[364] 3CLpro Ki SVM-GA 89 R2=0.814
RMSE= 0.459

[365] 3CLpro BFE MLR 226 R2=0.80
RMSE=0.52

[366] 3CLpro pICso MLR 73 R2=0.73

Q2=0.86

[120] 3CLpro pICso PLs-MLR 104 R2=0.75

Q2=0.70

[367] 3CLpro pICso MLR 41 R2=0.69
RMSE=0.32

[368] 3CLpro pICso ANN 90 R2=0.86
RMSE=0.33

[369] 3CLpro ICs0 Monte Carlo 40 R2=0.91

Q2=0.68

[419] 3CLpro ECso GA-MLR 37 R2=0.84
RMSE=0.21

[370] 3CLpro pICso KPLS 33 R2=0.81
RMSE=0.56

[371] 3CLpro pICso HQSAR 69 R2=0.86

Q2=067
[372] 3CLpro pICso CoMFA 23 R2in=0.75

Q2=0.64

87




[267] 3CLpro PMICso GA-MLR 25 R22in=0.75
RMSE=0.14

This study 3CLpro pICso PSO-SVR 71 R2=0.96
R22in=0.93

Q%=0.96

While this outperformance has algorithmic reasons, it is worth clarifying that comparing
different algorithms is very complex and requires a thorough, comprehensive analysis of
various factors, mainly database similarity, size and quality. The comparison was elaborated
for indicative purposes and was based on the similarity of the target 3CLpro solely to position
the proposed SVR-PSO in the range of errors. Therefore, it does not imply the absolute
superiority of SVR-PSO over other algorithms but rather in this proposed context.

2. Heterogeneous datasets:

2.1. Descriptors' mechanistic interpretation

The selection of the pertinent descriptors revealed a set of 10 representative descriptors shown
in Table 1V.5. The mechanistic interpretation of the selected descriptors is a hard task,.
especially for some pure mathematical descriptors such as eigenvalues, spectral and E-state
descriptors[420] Moreover, the extraction of the Structure-Activity Relationship SAR is not a
direct process when it comes to heterogeneous datasets (like the dataset considered in the
present study), unlike homogenous datasets, which share the same pharmacophore and
mechanism of action[420]. Hence, we consider the extraction and evaluation, both in quantity
and in quality, of the SARs encoded in the selected descriptors.

A spectral diameter is a difference between the largest and the smallest eigenvalues[421]. The
largest eigenvalue is proportional to the mean of the number of neighboring atoms to atom i;
while the smallest eigenvalue corresponds to the Highest Occupied Molecular Orbital HOMO
which is directly involved in molecular ionization, resulting in the modification of the
reactivity of the molecule. Thus, the more negative the HOMO eigenvalue, the more reactive
a molecule is. It also decreases with high branching degrees and the presence of side
chains[422]. Thus, for an increase in the spectral diameter, a high degree of branching
(neighboring atoms) and a low HOMO eigenvalue are needed to make an inhibitor more
reactive. It can be deduced that the relation between the spectral diameter and the
powerfulness of an inhibitor is proportional.

An augmented edge adjacency matrix is a weighted adjacency matrix (nonzero diagonal
adjacency matrix) that distinguishes edge sets (bond classes) from each other[423].
SpMAD(dm) is weighted by dipole moment, and thus characterizes bonds by their dipole
moment.SpMAD is the absolute difference between an edge | eigenvalue and the average
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eigenvalue (the absolute deviation) divided by the number of edges (and thus the word mean).
This quantity is size-independent[421]. A bond dipole moment is the measure of the bond
polarity between two atoms. Hence, weighting this spectral property by the dipole moment
reveals its distribution in the edge sets reflected by the eigenvalues, regardless of the size of
vertices forming the edge. The greater the SpMAD_AEA(dm), the greater the eigenvalue of
the considered bond is over the average eigenvalue, the greater the dipolar moment of that
bond, the more electronegative it is, and thus the more reactive the bond is. Therefore, it is a
measure of the reactivity of different sets of bonds within the inhibitor.

Eig02_AEA(dm) is the second eigenvalue from the augmented edge adjacency matrix
weighted by the dipole moment. In algebra, the second eigenvalue often risks being too close
to the first largest eigenvalue as there is no proper upper bound for it. The Eig02_AEA(dm)
should then represent the distribution of the dipole moment along the bonds present in an
inhibitor. It is quite ambiguous and subtle to directly link this descriptor to a structural
meaning, but mathematically speaking, considering the second largest eigenvalue will
overshadow other eigenvalues and cause the leading eigenvalue to be repeated[424].
Therefore, an inversely proportional relationship between this descriptor and the
SpMAD_AEA(dm) descriptor should exist, as the repetition of the leading eigenvalue with
cause the average eigenvalue to increase, thus the difference between the single bond
eigenvalue the average eigenvalue will diminish, hence diminishing the value of the
SpMAD_AEA(dm).

nCbH is the number of unsubstituted benzenes in an inhibitor. Unsubstituted benzenes are
well known for their high degree of unsaturation, and thus are very reactive species and are
highly reactive with electron-deficient species. The histidine residue in the dimer of the
3CLpro active site acts like a base[425], and thus can potentially react highly with the
unsubstituted benzenes in inhibitors. The descriptor nCbH representing the number of
unsubstituted benzene rings is also present in molecules 19 and 15 (each containing 2 rings)
and is also the motor of pi-bonds.

nCconj descriptor reflects the number of nonaromatic carbon atoms that have conjugated
bonds. A bond is conjugated when there is an alternate of double and single bonds and
concerns carbon atoms that have two single bonds and one double bond. According to Keeler
et al.[426], the conjugation of bonds causes the delocalization of a lone pair of electrons
decreases the reactivity. This means that the more an inhibitor has nonaromatic conjugated
carbon, the less likely it is to react with the 3CLpro enzyme.

An alpha carbon is the carbon atom to which is attached a functional group. A hydrogen atom
attached to an alpha carbon is called alpha hydrogen, referred to as the descriptor H-051. The
presence of alpha hydrogens induces the phenomenon of conjugation to occur since the pair
of electrons forming the bond between the alpha carbon and the alpha hydrogen are
transformed back and forth to the carbocation. And thus, the more alphas hydrogens, the less
reactive the alpha carbon. This agrees with the previous descriptor (nCconj) since
nonaromatic conjugation decreases the potential of inhibitors.
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The three electrotopological state descriptors encode the electronic and the topological
environment of carbon atoms forming three aromatic single bonds, nitrogen atoms forming
three single bonds, as well as alcohols[323]. Moreover, these descriptors show the most
influential parts of the inhibitor on its activity, as they reflect the electronic richness
(electronegativity) of a specific atom influenced by its adjacent atoms and the types of bonds
the considered atom formed[323]. Thus, it is revealed that the electronic richness of Nitrogen
atoms with three single bonds is important to the inhibition of the 3CLpro enzyme since such
nitrogen is found in tetrapeptide and tetra peptidomimetic inhibitors (very famous in
inhibiting 3CLpro), allowing them to perform nucleophilic attacks on the amino acids
residues in the active site of 3CLpro[427]. The influence of the electronic state of carbon
atoms with three aromatic single bonds (which are more likely to belong to benzenes) makes
perfect sense as it was demonstrated that the number of unsubstituted benzene carbons was of
positive impact on the inhibitory potential of the selected inhibitors. While nCbH previously
interpreted takes account of the number of benzenes, minaaaC considers the electronic
richness of these carbon atoms. On the other hand, the electronic state of terminal and/or
radical alcohols reflects a potential reactivity between the alcohol functional group with the
leucine present in the active site of 3CLpro[428].

A molecule is chiral when it is not superposable on its mirror image, and a chiral center is an
atom with four or more different substituents[429]. Normally, chirality is a feature that
requires 3D structures. however, advances in the QSAR and molecular descriptors could
encode such a 3D property only from 2D structures[429]. The descriptor nLevel7 is an
environment-related chirality descriptor that considers the number of atoms that are 7 bonds
far away from the chiral center (a radius of 7). nlevel descriptors were found to be good
indicators of the presence the chiral cliffs, which affect the recognition process and the
binding affinity of a ligand towards the target, and thus help identify the best molecule in a
chiral pair[429]. This can also be an indication of the presence of multiple side chains, which
can potentially interact with each other rather than with the enzyme target, thus decreasing the
interactions of such complex inhibitors with the target.

Table V.5 The selected molecular descriptors

Descriptor Class Description Reference

SpDiam_A 2D matrix-based | spectral diameter from the adjacency matrix [324]
descriptors

SpMAD_AEA(dm) Edge adjacency | spectral mean absolute deviation from the | [324]
indices augmented edge adjacency matrix weighted by the

dipole moment

Eig02_AEA(dm) Edge adjacency | eigenvalue n. 2 from augmented edge adjacency | [324]
indices matrix weighted by the dipole moment

nChH Functional group | number of unsubstituted benzene C(sp2) [324]

counts
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nCconj Functional group | number of non-aromatic conjugated C(sp2) [324]
counts

H-051 Atom-centered H attached to alpha-C [324]
fragments

minaaaC Atom-type E- | Minimum atom-type E-State: ::C: [430]
state indices

minsssN Atom-type E- | Minimum atom-type E-State: >N- [430]
state indices

MaxsOH Atom-type E- | Maximum atom-type E-State: -OH [430]
state indices

nLevel7 Chirality number of neighboring atoms of the chiral center | [324]

descriptors

(level 7)

The verification of the existence of multicollinearity is a must to ensure that the descriptors
are not correlated with one another and vary uniquely with the response variable. Only then
can the model be considered statistically significant. To that end, a pairwise correlation plot
was performed to check the correlation of the descriptors. Fig IV.6 represents a density
histogram of the correlation of descriptors along with the value of the coefficient of
determination. All R values are less than 0.75, the threshold value. This diagnosis was also
endorsed by the Variance Inflation Factor VIF and tolerance values, as indicated in Table
IV.6, vary from 1.24 to 2.08; and from 0.47 to 0.80, which are all less than the threshold value
of 3[431], greater than the threshold value of 0.2[431] for VIF and tolerance respectively.
Thus, the model is confirmed to be free of potential multicollinearity problems and is
statistically significant.
Table 1.6 VIF and tolerance values for the selected descriptors

Descriptor VIF Tolerance
SpDiam_A 1.5725 0.6359
SPMAD_AEA(dm) 2.0892 0.4786
Eig02_AEA (dm) 1.5812 0.6324
nCbH 1.4837 0.6739
nCconj 1.2468 0.8020
H-051 1.4515 0.6889
minaaaC 1.6285 0.6140
minsssN 1.4603 0.6847
MaxsOH 1.3647 0.7327
nLevel7 1.6798 0.5953
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Fig IV.6 Pairwise correlation plot of the selected descriptors

To further assess the mechanistic interpretation of the selected descriptors, the contribution of
each descriptor to the inhibitory activity was performed. However, it is known that the SVR
method is a black box, making the calculation of the descriptor's importance a complex task,
unless other regression methods such as Multiple Linear Regression MLR that uses
coefficients, Partial Least Square PLS that uses latent variables, and Artificial Neural
Network ANN that uses the weights and bias of the hidden layers[420]. For that, an approach
developed by Ustiin et al.[432] was followed which allowed the obtainment of the descriptors'
relative importance. It consists of using alpha values resulting from the Quadratic
Programming QP with the reduced input data matrix (after removing the data that correspond
to the zero alphas). A descriptors’ profiling vector is obtained after the inner multiplication of
the alpha vector and the reduced matrix. The profiling vector was then converted to
percentages that sum up to 100% for a better illustration of the results. A word cloud (Fig
I11.7.a) was constructed to illustrate the absolute importance of each descriptor, where the
amplitude of the descriptor’s name is proportional to its importance value. SpDiam_ A, nCbH,
nLevel7, nConj, and minsssN have the greatest effect on the I1Csy, SPMAD_AEA(dm), H-051,
and MaxsOH have a moderate effect on the activity. While minaaac and Eig_ AEA(dm) have
the least contribution. On the other hand, Fig I11.7.b further assesses the word cloud and
reveals the type of contribution, whether positive or negative and hence shows which features
to increase and which ones to decrease in synthesizing potent inhibitors for the SARS-CoV-2
3CLpro enzyme. There exists a proportional relationship of 81% and 79% between the pICs
and the spectral diameter of the molecule and the number of unsubstituted benzenes
respectively (thus inversely proportional with the ICsy, meaning the bigger the spectral
diameter and the number of unsubstituted benzenes, the smaller the 1Csp, and thus the more
active the inhibitor is). Inversely, the number of nonaromatic conjugated carbon atoms and the
number of neighboring atoms of the chiral center at level 7 have a strong negative impact on
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the pICso of -82% and -71% respectively, indicating that the more these structural features are
present in an inhibitor, the less active it becomes. In between, the spectral mean absolute
deviation weighted by dipole moment, and the minimum electronic state for N and OH have a
moderate positive impact on the activity of 37%, 56%, and 38% respectively. On the other
hand, conversely, hydrogen atoms attached to alpha carbons were found to negatively
influence the inhibiting potential of molecules by a percentage of -47%. Finally, the least
influential structural features were the min electronic state of carbon atoms forming two
double bonds as well as the eigenvalue weighted by dipole moment with a relative importance
of 13% and -6% respectively. As demonstrated, the quantitative interpretation supports and
agrees with the qualitative interpretation above.
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Fig I11.7. Descriptors' relative importance (a) word cloud, (b) histogram

2.2. BR-BPNN model

The BR-BPNN model consisted of 15 neurons using the Bayesian Regularization
backpropagation algorithm. Bayesian regularization combats overfitting by penalizing
complexity in machine learning models, promoting simpler, better-generalizing solutions.
Backpropagation refines model accuracy by adjusting weights based on error gradients,
aligning predicted outcomes with actual data[433]. The database was divided into 80% and
20% for the training and the test sets respectively. The visualization of the BR-BPNN model’s
performance is shown in Fig IV.8, where the predicted pICs, are plotted versus the
experimental ones. The plot demonstrates a good accordance between the predicted and the
actual (experimental) activity values of the inhibitors of both sets. This is further endorsed by
the validation metrics, shown in Table IV.7. The experimental and predicted values by the
BR-BPNN model are annexed in Table S-1V.1.

Table 1V.7 Statistical validation criteria for the BR-BPNN model

Internal | Extern | Global
Systematic | Absent Absent | Absent
Error
R2 0.8913 0,7220 | 0,8515
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R¢? 0,8908 0,7050 | 0,8514
Ro 2 0,8722 0,6961 | 0,8310
Q2 0,8907 0,6916 | 0,8511
M 0,8378 0,6442 | 0,8035
Arp? 0,0750 0,0828 | 0,0592
CCC 0,9408 0,8470 | 0,9208
RMSE 0,2682 0,4509 | 0,3132
SD 0,1918 0,3349 | 0,2316
MAE 0,1879 0,3056 | 0,2114
pICs‘J exp vs. pIC_,)o cal
Tt"ain data I |
Best Linear Fit
7 o pIC,,exp = pIC,, cal 4
= O  Test samples -
< Train samples e’
¥ 15 08 g
5 v 800
5 omug 2 q.3
= 2 o o 0% o a9 °
:3, Ea o e O@ ; :)qu °
% % 25 o ] en ) ° C? o]
F © 2@’) O; o ©
e Ou L) © o
g 3r ? on 8 o
& P ,08% o) o ® 5
% © g 6:@ %o °
2, 28
T4 35 3 -2p5;c50 oo 2 15 4

Fig IV.8 BR-BPNN regression plot

e R2?(Coefficient of Determination)

The Rz value, often known as the coefficient of determination, elucidates the proportion of the
variance in the dependent variable (experimental outcomes) that is predictable from the
independent variables (descriptors) in the model. An R? of 0.8913 internally suggests that
approximately 89.13% of the variability in the experimental data is accounted for by the
model. Similarly, an external R2 of 0.7220 implies that the model captures about 72.20% of
the variance in unseen data. In essence, a higher R2 indicates a more accurate prediction of the
experimental outcomes.

e Q2 (Cross-validation coefficient)

Q2 is a crucial metric used in cross-validation, indicating the model's predictive power for
new, unseen data points. A global Q% of 0.8511 implies that the model can predict nearly
85.11% of the variance in new data, demonstrating its robustness. Q2 essentially assesses the
model's ability to generalize beyond the training dataset. A Q? value above 0.5, as seen here,
signifies the model's efficacy in making reliable predictions for new observations.
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e r m?
This metric indicates the strength and direction of the linear relationship between predicted
and observed values. An internal value of 0.8378 suggests a strong positive linear correlation,
indicating the model's ability to consistently predict outcomes in line with the experimental
data.

e Arm?

Arm2 measures the impact of predictors on the response variable's variance. A value of
0.0750 (less than the threshold value of 0.2, as it should be) internally signifies that the
predictors in the model collectively explain 7.50% of the variance in the response variable.
This metric helps understand the contribution of descriptors to the overall predictive power of
the model.

e CCC (Concordance Correlation Coefficient)

CCC evaluates the agreement between predicted and observed values while considering both
precision and accuracy. A global CCC of 0.9408 indicates a high level of agreement between
the model's predictions and experimental outcomes, emphasizing the model's reliability and
precision.

e RMSE, SD, and MAE

These metrics quantify the model's prediction errors. A low RMSE (0.2682), SD (0.1918),
and MAE (0.1879) imply that, on average, the model's predictions deviate minimally from the
actual values. This showcases the model's precision and accuracy in predicting experimental
outcomes.

In summary, the BR-BPNN model's robust R? and Q? values, along with other correlation
metrics and error measures, collectively affirm its ability to accurately capture underlying
patterns in the data and make reliable predictions for both observed and unseen data points,
making it a valuable tool in drug discovery research.

2.3. DA-CNN model
The DA-CNN model’s input layer was fed with 10 descriptors as independent variables and
the pICso values as the independent variable. The architecture of the model consisted of 8
layers between convolutional, normalization, pooling and dense layers, in addition to the input
and output layers as shown in Fig IV.9. The experimental and predicted values by the DA-
CNN model are annexed in Table S-1V.2.

The regression plot of the DA-CNN illustrated in Fig IV.10 indicates that the predicted plCsg
are not in good agreement with the experimental values. This shows a potential
underperformance of the model. This conclusion is further endorsed by the internal and
external validation criteria. The DA-CNN model is found to under-fit with validation metrics
failing to meet the acceptable values as shown in Table IV.8.
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e R2

Internal R? (0.6401): The model explains 64.01% of the variance in the internal dataset. While
this demonstrates a moderate fit, it falls below the widely accepted threshold of 0.7, indicating
that the model might not capture a significant portion of the underlying variability.

External R? (0.4886): External validation R? at 48.86% is notably below the threshold,
suggesting that the model's predictive power diminishes when applied to unseen data.

Layer (type) Qutput Shape Param #
convld 615 (Conv1D) (None, 8, 64) 256
batch_normalization_615 (B (None, 8, 64) 256
atchNormalization)

convld 616 (Conv1D) (None, 6, 128) 24704
batch_normalization_616 (B (None, 6, 128) 512
atchNormalization)

convld 617 (Conv1D) (None, 4, 256) 98560
batch normalization 617 (B (None, 4, 256) 1024
atchNormalization)

global average poolingld 2 (None, 256) 0
05 (GlobalAveragePoolinglD
)

dense_410 (Dense) (None, 128) 32896
dropout 205 (Dropout) (None, 128) 0
dense 411 (Dense) (None, 1) 129

Fig IV.9 Architecture of the DA-CNN model

Table IVV.8 The statistical validation criteria for the DA-CNN model

Internal | Extern | Global
Systematic | Absent Absent | Absent
Error
R2 0,6401 0,4886 | 0,6029
Ro? 0,6385 0,4886 | 0,6020
Ro 2 0,3880 0,2261 | 0,3057
Q’ 0,6378 | 0,4859 | 0,6010
rm 0,4991 0,3396 | 0,4592
Ar? 0,2221 0,2651 | 0,2354
CCC 0,7695 0,6533 | 0,7427
RMSE 0,4754 0,6378 | 0,5126
SD 0,3132 0,4065 | 0,3379
MAE 0,3584 0,4948 | 0,3861
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Internal Q2 (0.6378): Although Q?2 of 63.78% is reasonable, it's just below the 0.7 threshold,
indicating that the model captures a substantial portion of variance but struggles to generalize
well to new internal data.

External Q2 (0.4859): External Q? falling below 0.5, indicates the model's limitations in
predicting new, unseen data, pointing towards a lack of robustness.

e CCC

Internal CCC (0.7695): Internally, CCC exceeds the threshold of 0.7, indicating acceptable
concordance between predicted and observed values within the internal dataset.

External CCC (0.6533): The external CCC falls below 0.7, signifying a decrease in agreement
with new data and indicating limitations in generalization.
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Fig IV.10 DA-CNN regression plot

¢ RMSE, SD, and MAE

RMSE, SD, MAE: These error metrics, exceeding acceptable thresholds, highlight significant
prediction errors in both internal and external datasets. These values suggest that the model's
predictions deviate substantially from the actual values, pointing towards a lack of accuracy.

The underwhelming performance across various metrics suggests a potential issue with model
complexity. The model might be overly intricate, attempting to capture nuances in the data
that do not contribute significantly to the underlying patterns. This complexity can lead to
overfitting, where the model becomes too tailored to the training data and fails to generalize
effectively.
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To address this complexity concern, a mid-complex soft computing technique is expected to
yield better results than the BR-BP-NN and DA-CNN models. By striking a balance between
capturing essential patterns and avoiding unnecessary intricacies, the model can potentially
improve its generalization ability and align better with the modeled phenomena.

2.4. DA-SVR model

The algorithm took 10 descriptors as the input and the ordered pICso values as the response,
for 246 molecules divided randomly into 80% for the learning, and 20% for the external test.
To obtain the best performance of the hybrid methods, careful tuning of the hyperparameter of
the SVR is needed. This task was performed by the DA algorithm: solving the optimization
problem of selecting the best combination of C, o, and € to obtain the minimal RMSE in the
SVR model. Also, the choice of the kernel function was made through the trial-and-error
method. The final structure of the SVR model that yielded the best performance is shown in
Table 1V.9. The full experimented and predicted values by the DA-SVR model are shown in
Table IV.10.

Table 1V.9 The structure of the DA-SVR model

Parameter C )y E Kernel Function

Value 899.35 0.7404 0.010 Gaussian

Table 1V.10 DA-SVR experimental and predicted predicted values,train values in pink, and
test values in green

plC50 experimental values Predicted by DA-SVR
-0,602 -0,612079
-1,146 -1,156341
-1,301 -1,311114
-1,301 -1,31096
-1,362 -1,372187
-1,398 -1,332862
-1,477 -1,899722
-1,5631 -1,371059
-1,708 -1,718154
-1,708 -1,718321
-1,724 -1,714146
-1,732 -1,741938
-1,778 -1,788034
-1,778 -2,68894
-1,778 -1,788178
-1,799 -1,809031
-1,813 -1,822883
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-1,813 -1,823236
-1,903 -1,913383
-1,903 -1,913383
-1,914 -1,918469
-1,934 -1,90943
-1,959 -1,969146
-1,991 -2,001154
-1,991 -2,57151
-2,004 -1,993934
-2,021 -2,03133
-2,117 -2,10706
-2,124 -2,133655
-2,124 -2,134445
-2,182 -2,084179
-2,204 -2,213944
-2,255 -2,264901
-2,279 -2,289325
-2,301 -2,311341
-2,301 -2,310646
-2,322 -2,311882
-2,362 -2,352358
-2,362 -2,352201
-2,362 -2,372157
-2,477 -3,162693
-2,491 -2,501472
-2,568 -2,577551
-2,699 -2,68894
-2,708 -2,697784
-2,778 -2,788152
-2,785 -2,794791
-2,845 -2,534923
-2,851 -2,855166
-2,851 -2,861445
-2,903 -2,91281
-2,954 -2,963744
-2,967 -3,141517
-2,973 -2,983148
-2,978 -2,988358
-2,987 -2,996875
-2,991 -3,001178
-2,991 -3,396561
-3 -3,010015
-3,017 -3,027114
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-3,017 -3,027029
-3,017 -3,026756
-3,033 -2,994441
-3,041 -3,558018
-3,072 -3,082435
-3,107 -3,117089
-3,176 -3,679128
-3,176 -3,186271
-3,204 -3,214054
-3,228 -3,027029
-3,29 -3,191138
-3,301 -3,16268
-3,301 -3,291178
-3,301 -3,311281
-3,322 -3,331725
-3,342 -3,331622
-3,342 -3,435142
-3,362 -3,371503
-3,362 -3,352088
-3,398 -3,387716
-3,398 -3,387723
-3,398 -3,162674
-3,398 -3,387604
-3,415 -3,40474
-3,415 -3,405065
-3,415 -3,405065
-3,431 -3,420538
-3,431 -3,440913
-3,431 -3,451812
-3,431 -3,440939
-3,45 -3,315973
-3,462 -3,451812
-3,462 -3,472227
-3,462 -3,451567
-3,477 -3,466545
-3,477 -3,467165
-3,505 -3,494839
-3,531 -3,521146
-3,531 -3,521146
-3,544 -3,53365
-3,556 -3,781705
-3,556 -3,545729
-3,556 -3,56635
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-3,58 -3,590353
-3,58 -3,590215
-3,58 -3,569486
-3,501 -3,601133
-3,613 -3,623032
-3,613 -3,602645
-3,613 -3,623015
-3,613 -3,622961
-3,613 -3,602896
-3,623 -3,612723
-3,623 -3,633425
-3,633 -3,623463
-3,633 -3,62307
-3,633 -3,176702
-3,648 -3,638084
-3,672 -3,662179
-3,683 -3,673358
-3,699 -3,180108
-3,699 -3,689437
-3,699 -3,689143
-3,699 -3,688923
-3,699 -3,689016
-3,699 -3,688925
-3,708 -3,698145
-3,708 -3,698145
-3,716 -3,62545
-3,716 -3,706038
-3,716 -3,719975
-3,724 -3,996492
-3,74 -3,749591
-3,74 -3,729825
-3,74 -3,749591
-3,74 -3,729758
-3,74 -3,730008
-3,74 -3,439511
-3,742 -3,732203
-3,756 -3,765948
-3,763 -3,772734
-3,771 -3,761273
-3,778 -3,767952
-3,778 -3,788149
-3,778 -3,78196
-3,778 -3,792781
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-3,785 -3,774611
-3,792 -3,781926
-3,792 -3,782402
-3,792 -3,78196

-3,799 -3,78933

-3,799 -3,194608
-3,799 -3,788651
-3,799 -3,788965
-3,799 -3,788651
-3,806 -3,795976
-3,806 -3,796053
-3,82 -3,810095
-3,826 -3,270906
-3,833 -3,822904
-3,833 -3,822728
-3,839 -3,828945
-3,845 -3,163005
-3,845 -3,835279
-3,845 -3,835441
-3,857 -3,846743
-3,863 -3,163513
-3,908 -3,897917
-3,908 -3,89835

-3,908 -3,897706
-3,914 -3,903867
-3,919 -3,9092

-3,919 -3,908951
-3,924 -3,913599
-3,924 -3,533983
-3,934 -3,924177
-3,934 -3,923691
-3,944 -3,445455
-3,944 -3,933634
-3,949 -3,692901
-3,959 -3,948861
-3,963 -3,165711
-3,964 -3,162683
-3,968 -3,957522
-3,973 -3,962965
-3,996 -4,139297
-3,996 -3,9858

-3,996 -3,749591
-3,996 -3,986156
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-3,996 -3,986088
-4 -3,220452
-4 -3,989486
-4 -3,989503
-4 -3,990098
-4 -3,990012
-4 -3,990349
-4 -3,989646

-1,23 -1,240318

-1,301 -1,310661

-1,505 -1,515225

-1,505 -1,514936

-1,556 -1,566276

-1,58 -1,570114

-1,699 -1,708759

-1,699 -1,708981

-1,898 -1,797152

-1,914 -1,899977

-2,013 -2,02299

-2,021 -2,010688

-2,029 -2,038843

-2,049 -2,038885

-2,204 -3,162683

-2,342 -2,351938

-2,362 -2,352201

-2,491 -3,162879

-2,778 -2,968708

-2,778 -2,788152

-2,954 -2,963498

-2,978 -2,988178

-3,23 -3,240244

-3,352 -3,168828

-3,423 -3,41285

-3,462 -3,440913

-3,602 -3,592256

-3,633 -3,623041

-3,663 -3,652951

-3,689 -3,679128

-3,699 -3,689143

-3,716 -4,237028

-3,716 -3,726313

-3,732 -3,721902

-3,732 -3,722156
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-3,74 -3,729913
-3,756 -2,57151
-3,778 -3,768463
-3,799 -4,420005

-3,82 -3,822728

-3,82 -3,810105
-3,919 -3,909041
-3,919 -3,909022
-3,919 -3,908853
-3,949 -3,939124
-3,996 -3,40215

-4 -3,989832
-4 -3,719975
-4 -3,989503

To visualize the DA-SVR performance, the predicted values of the pICsy were plotted against
the experimental values indicating the train set in black and the test set in red, as shown in Fig
IV.11, supplementary file I in the supplementary material contains all the observed and the
predicted plCsy values and the residuals. Accordingly, response values predicted by the
suggested model are in accordance and agreement with the experimental ones, as they, in
most, align well with the first bisector. The vector of agreement for both the training and test
sets is [a (slope), b (interception y), R (correlation coefficient)] = [0.92, -0.2, 0.9639]. The
ideal agreement vector is [1, 0, 1]. This reveals close-to-ideal modeling of all the data by the
optimized SVR model. There exist a few molecules whose predicted values do not match their
corresponding experimental values. This is considered a normal phenomenon to observe in
the regression model as it represents the model’s mispredictions but also its generalization
ability. In fact, it is a healthy phenomenon that indicates that the model is less likely to overfit
the data, and can safely predict new data which is the goal of developing QSAR models. The
performance is further judged through the internal and external validation criteria shown in
Table 1VV.11. The internal coefficient of determination R? is 0.9365, indicating that the model
was able to well learn the nonlinear relation between the 10 selected descriptors and the plICsy.
The external R2 is 0.9078, showing that the pICs, values predicted by the DA-SVR model are
in good agreement with the experimental values. This also indicates that the model has a good
interpolation and generalization ability, and gives good results when used for a novel set of
molecules with an unknown inhibitory activity. It is also worth mentioning that the train and
test R2 are close to each other, signifying that not only did the model learn well, but it also
could predict well on unseen data and is also safe from the overfitting problem, where the
model overlearns (very high internal R2?) and underperforms on the test data (very low
external R?), and from the underfitting problem where both the internal and external R? are
low (below the threshold value of R?= 0.6[321], which was passed by the suggested DA-SVR
model). The value of the cross-validation parameter Q2 is 0.9356 and 0.9059 for the internal
and external validation respectively, which is above the threshold value of 0.5[43]. This
indicates the model is robust. Also, the value of R2-Q? indicates whether or not the model is
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overfitted, and it should be less than 0.3[43]. For the suggested DA-SVR model, the
difference between R% and Q? is 0.0004 for the whole set. This confirms the previous
interpretation of the absence of overfitting of the regression graph and R? values. Further
analysis of the statistical metrics leads us to the discussion of the rm parameters. To safely
consider that the predicted activity data calculated by the proposed DA-SVR model is in
propinquity with the experimental ones, an evaluation of the rm metric is a must.r m2and
Arm? measure the average and the difference of the correlation coefficient between the
observed and the Leave One Out predicted values of the inhibitors with and without the
intercept[321]. This is a tight evaluation metric that indicates that the results obtained by the
model were not due to chance. The developed DA-SVR model has r m? and Arm? values of
0.8947 and 0.04 for the whole dataset, respectively, which satisfy the acceptance criteria
values of r m>>0.5 and Arm?2<0.2[321]. Also, the Concordance Correlation Coefficient CCC
was used to evaluate the model’s performance. The global CCC value is 0.9632, which
indicates that the developed model is reliable. Furthermore, an evaluation based on the error
metrics was carried out. This included the Root Mean Squared Error RMSE, the Standard
Deviation SD, and the Mean Absolute Error MAE. Their respective global values are 0.2166,
0.1988, and 0.0870 indicating that the model is precise and further sustains the powerfulness
of the DA-SVR in predicting the ICs, of potential inhibitors.

In summary, the discussion of the internal and external validation criteria confirms that the
proposed DA-SVR model is robust, reliable, and precise in predicting the activity of the
potential inhibitors.

Table IVV.11 Statistical validation criteria for the DA-SVR model

Internal | Extern | Global
Systematic | Absent Absent | Absent
Error
R2 0.9365 0.9078 | 0.9291
R¢? 0.9365 0.9064 | 0.9291
Ro 2 0.9323 0.9049 | 0.9253
Q’ 0.9356 0.9059 | 0.9287
r m? 0.8900 0.8760 | 0.8947
A2 0.0455 0.0069 | 0.0496
CCC 0.9665 0.9527 | 0.9632
RMSE 0.1964 0.2838 | 0.2166
SD 0.1799 0.2615 | 0.1988
MAE 0.0797 0.1164 | 0.0870
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Fig IV.11 DA-SVR regression plot

2.5. Models’ comparison
The BR-BPNN model's effectiveness can be attributed to Bayesian regularization, which
mitigates overfitting by promoting simpler solutions. This regularization method prevents the
model from becoming overly complex, enhancing its ability to generalize to unseen data.
Additionally, the backpropagation algorithm refines accuracy by adjusting weights based on
error gradients, aligning predictions with actual data.

The DA-CNN model's potential overfitting issues arise from its complexity. Deep
architectures, if not appropriately managed, tend to memorize the training data rather than
learning underlying patterns. This memorization can lead to poor generalization, especially
with small datasets, as evidenced by the model's struggles with unseen data.

The DA-SVR model's superior performance is a result of meticulous hyperparameter tuning
using the Dragonfly Algorithm. By optimizing parameters such as C, o, and g, crucial
components of SVR, the model strikes a balance between complexity and the ability to
generalize. This precise tuning ensures the model captures essential patterns while avoiding
overfitting, leading to accurate predictions and robust generalization. DA-SVR, guided by the
Dragonfly Algorithm, represents a compromise between complexity and the ability to
generalize, making it particularly effective, especially with small datasets. It outperforms
neural network algorithms, especially in scenarios involving noisy and limited data, where
overfitting is a significant concern.

Among the soft computing models, the BR-BPNN model stands out due to its ability to strike
a balance between complexity and simplicity. Bayesian regularization prevents overfitting,
enhancing its generalizability. However, further exploration of hyperparameters could
enhance its predictive power. In contrast, the DA-CNN model's challenges primarily stem
from its complexity[417]. The deep architecture, if not managed carefully, tends to overfit,
especially in scenarios with limited data. Thus, finding the right balance between capturing
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intricate patterns and avoiding unnecessary complexities is crucial for its improvement.
Finally, the DA-SVR model excels due to its precise parameter optimization using the
Dragonfly Algorithm and the compromise it represents between complexity and
generalizability. By avoiding overfitting and capturing essential patterns, the model accurately
predicts outcomes even in challenging scenarios with small and noisy datasets. Its high level
of agreement with experimental data showcases its reliability, making it particularly valuable
for complex modeling tasks. Therefore, solely the DA-SVR model is considered for further
analyses and discussion.

2.6.  Applicability domain

The AD was represented with the William plot in Fig 1V.12, where the standard residual is
plotted versus the leverage. The two horizontal lines represent the residual cutoff values -3,3,
and the vertical line is the critical leverage h* of 0.14.98.78% of the inhibitors fell before the
critical h*, and only 3 molecules (1.21%) exceeded the critical leverage, thus being potential
structurally influential molecules. Considering the response outliers, only 4% of the 246
molecules fell outside the cutoff values, while the rest 236 inhibitors(96% of the dataset) were
covered by the domain [-3,3], mostly aligning with the zero standard residual value. Thus, the
model had a good applicability domain that covered the vast majority of the training and test
sets, and the analysis of the AD confirmed the interpretation of the model’s performance
above. Accordingly, the model has been demonstrated to be well-performing, robust,
statistically valid, and powerful in predicting the pICs, activity of the selected inhibitors, and
can safely be used in predicting the inhibitory activity of novel molecules against 3CLpro.

William plot - train samples in black, test samples in red
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Fig IV.12 Applicability domain of the DA-SVR model

2.7.  Comparison with literature
To further assess the quality of the developed DA-SVR model, a comparison with other
recently reported models (2021-2022) that target the same enzyme was carried out. The
comparison was based on one correlation metric R? and one error metric RMSE, illustrated in
Fig IV.13. To make a more purposeful comparison, external metrics were chosen, because a
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good model is a model that performs well on unseen data. The comparison was illustrated by
a grouped bar plot that shows the R? and RMSE of the QSAR models reported in the studies
[368],[371],[364],[365], and [267] respectively. The DA-SVR model proposed by this study
outperforms the rest of the models in terms of agreement with the predicted and experimental
values and in terms of precision in predictions. Henceforth, the hybrid DA-SVR model is
advantageous and performing, and can be used for the prediction of unknown activities for
potential inhibitors.

I R:
1,0 - [ IRMSE

0,8 4
0,6
0.4

0,24

0,0~
35 36 2 37 38 The present
Study

Study Reference

Fig IV.13R2 and RMSE bar plot for some literature-reported models and the present DA-SVR
model

2.8. ADMET properties
The evaluation of the ADMET properties of the 246 molecules was assessed. To assess their
drug likeliness, the Lipinski Rule of Five was considered. Molecules violating 2 or more rules
were discarded. The filtrations resulted in 24 molecules with good drug-like properties and
thus were kept for further analysis. According to the threshold values on the webservers used,
the molecules fall well in the range of optimal values and satisfy the rules. The Lipinski Rule
of five assures that the molecules have good absorption when there are no more than 5
hydrogen bond donors, 10 hydrogen bond acceptors, 500 for molecular weights, and 5 for
solubility examined by the water/octane partition coefficient. The gastrointestinal absorption
parameter GIA shows that the molecules have high absorption except for one. This might be
due to the sulfonic acid functional group that is present solely in this molecule and absent in
the rest. This explains why it is the only molecule with a low GIA. It is worth mentioning that
this molecule (number 6) did not violate any rule of Lipinski. However, the replacement of
the OH group in the sulfonic acid by an amide group (NR2) to produce a sulfonamide could
result in a better GIA. The Pfizer rule indicates possible toxicity. It is violated when the LogP
is greater than 3 and the topological polar surface area TPSA is less than 70. Only 6
molecules failed to have satisfactory LogP and TPSA values. These molecules (1, 2, 4, 20, 21,
and 22, as shown in Fig IV.14), out of 8 chlorine-containing molecules, all contain
chloropyridine or chlorobenzene. Chlorine and benzene do not contribute to the total
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topological polar surface area but have higher LogP values, unlike oxygen and nitrogen,
which explains the relatively low TPSA and high LogP of these compounds. GSK and the
Golden Triangle Rules evaluate the general ADMET profile as they take into consideration
molecular weight, LogP, and LogD. The latter evaluates the lipophilicity of a molecule in the
physiological pH of the blood. These are crucial parameters in determining the permeability
of the drug-like molecules as well as their hydrophobic bindings with various proteins
including those involved in metabolism and excretion. None of the 24 drug-like molecules
violated the GSK and the Golden Triangle Rules, indicating that they have a good ADMET
profile. Moreover, the molecules fully respected the Ghose, Veber, and Muegge Rules, which
take into consideration the molecular weights, various lipophilicity parameters, molar
refractivity, number of atoms, number of rotatable bonds, number of rings, number of
heteroatoms, number of carbon atoms, TPSA and hydrogen bond donors and acceptors. These
parameters reflect the toxicity of the molecules as well as their pharmacological properties
and thus their ADMET profiles. Another parameter is the Synthesis Accessibility Score SA
score which indicates how easily a molecule can be synthesized on a scale from 0 to 10.
Compounds with a SA score of less than 5 are considered easily synthesized. According to the
results, all 24 drug-like molecules can easily be synthesized as they have an acceptable
structural complexity and ordinary functional groups.

The overall evaluation of the selected 24 molecules reveals an excellent drugability and
ADMET profile as they fall in agreement with the various evaluation rules. Therefore, they
can safely be considered to possess good pharmacological properties and used in further
analysis.
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Molecule 22

Fig 1V.14 Structure of molecules with low GIA (molecule 6) and violations of the

Pfizer Rule

Table 1V.12 Major rules evaluation of the 24 molecules

Molecule | Lipinski Pfizer GSK Golden Ghose Veber Muegge | Leadlikeness
Number Rule Rule Rule Triangle Rule Rule Rule Rule
1 Accepted | Rejected | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
2 Accepted | Rejected | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
3 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
4 Accepted | Rejected | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
5 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
6 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
7 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
8 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
9 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
10 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
11 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
12 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
13 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
14 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
15 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
16 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
17 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
18 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted

110




19 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
20 Accepted | Rejected | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
21 Accepted | Rejected | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
22 Accepted | Rejected | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
23 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted
24 Accepted | Accepted | Accepted | Accepted | Accepted | Accepted | Accepted Accepted

2.9.  Molecular docking

The 24 molecules displayed a good affinity ranging from -7.8 kcal/mol to -5.6 kcal/mol. The
top two molecules with the best (smallest) affinity are molecules 19 and 15 exhibiting affinity
energy values of -7.8 and -7.1 kcal/mol respectively. While the least affine molecules are 13
and 7 with an affinity of -5.6 kcal/mol for both. The visualization of these 4 molecules’
interactions with the active site of the 3CLpro enzyme is shown in Fig 1V.15, while those of
the total 24 molecules can be found in Table S-1V-5 in the annex. Molecule 19 exhibited 3
types of interaction: conventional hydrogen, Pi-donor hydrogen, and alkyl. Conventional
hydrogen bonds HB happen when hydrogen forming a covalent bond with an electronegative
element such as oxygen and nitrogen forms another weaker bond to another electronegative
atom[434]. Molecule 19 formed 3 conventional HB at 3 different sites: N in the triazole group
with Ser144, O in the ester group with Cys145, and N in the 1H-isoindole group with Ser46.
Their lengths are 2.81, 3.51, and 3.17 A respectively. HB are key factors in determining the
specificity of the ligand binding[435] as they are considered a crucial factor in the recognition
of the ligand by the target enzyme[436]. Moreover, an HB contributes up to 2kcal/mol to
bonds’ strength, depending on the polarity of the surrounding environment, solvent-exposed
interactions are 1.2kcal/mol weaker than those in the hydrophobic interior of the protein[437].
The fact that the conventional HB were present in all the interactions of the 24 molecules
indicates that they have specificity with and can be well recognized by the 3CLpro enzyme,
which is one of the reasons that even the least performing molecule still had a relatively good
affinity (-5.64 kcal/mol). Pi-donor hydrogen bonds consist of polar hydrogen of an
electronegative group and an aromatic group. Since triazole is a pi-excessive aromatic group,
it forms a pi-polar hydrogen bond with the Cys145 as it contains polar hydrogen atoms from
the NH2, OH, and SH functional groups[438].

Molecule 15, the second-best performing drug-like molecule, also showed conventional HB:
N in the triazole group with Serl44, O in the ester group with Cys145 respectively, and pi-
donor HB between sulfur in Cys145 and triazole. In addition to the Florine bond with Thr24
and the Florine substituent in the 1H-isoindole fragment. Florine is widely present in drugs
(50% of profitable drugs contain Fluorine)[439]. Fluorine forms halogen bonds with amino
acid residues in the active site of the enzyme (Thr24 in this case) which are very common in
drug-target interactions[408]. Molecule 15 differs from 19 in the presence of Fluorine
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attached with 1H-isoindole. However, this structural change caused a conformational change
leading the Ser46 and Met49 to be far from the 1H-isoindole fragment and thus the absence of
the third conventional HB and alkyl bond, slightly lowering the affinity of the ligand with the
enzyme. Precisely, the addition of Fluorine to the 1H-isoindole seems to have a greater
attraction with Thr24 (Thr was observed to be very reactive with aromatic Fluorine[439]) than
with Ser49 and Met49 since the halogen bond between Fluorine and Oxygen in Thr24 is
attractive and stabilizing by nature[440]. Therefore, the attractiveness of this non-covalent
bond can induce a conformational change in ligands that overshadow conventional HBs and
alkyl bonds. If the benzo-triazole fragment had a Fluorine substituent, it is presumed to be
more affine and active. The two least performing molecules are 13 and 7 with an affinity of -
5.6kcal/mol. Molecule 13 formed one pi-sulfur bond of 5.17 A between Cys145 and the pi-
electron cloud in the double bonds of pyridine, and two other HBs between Thr45 and
oxygen, and Thr26 with nitrogen with bond length of 3.23A and 3.11A respectively. Molecule
7 interacted with 6 bonds of 4 types: HBs with Leul41 and Cys145 with lengths of 2.66A and
3.31 A, pi-sigma and pi-donor bonds with the methyl group and the primary amine group pi-
electronpairin the conjugation of the double bonds of chlorobenzene acting as the electron
rich element, with bond lengths of 3.99A and 4.19A respectively, and pi-alkyl bond between
the sulfur of Cys145 and the diaminopyrimidine functional group (4.19A) along with another
pi-donor bond (3.15A) with Gly143, precisely with the primary amine present. It is noticed
that chlorine present in both structures, despite its susceptibility to react with residues in the
active site, showed no interactions whatsoever with aminoacids in the active site of 3CLpro.
This is due to the considerable distance, in that specific (best) pose, between chlorine and the
active site residues, as it was exposed to the solvent and not directed to the interior of the
pocket. To further prove this claim, the second-best poses of molecules 7 and 13 were
examined. These poses scored -5.4 kcal/mol for both molecules, within which chlorine was
close the active site’s residues and oriented inwards. Chlorine in molecule 7 formed 2 alkyl
bonds with carbon atoms in Leu27 andCys145 of length 4.31A and 3.35A respectively.
Molecule 13 also showed 2 alkyl bonds between chlorine and Leu27 and Cys145 (4.24A and
4.20 A) respectively, and another pi-alkyl bond with the electron deficient ring in His41
(4.42A). However, these bonds formed by chlorine caused the disappearance of other bonds
found in the first best scoring pose for both molecules, such as pi-donor HBs and pi-sigma
bonds, and longer HBs and pi-sulfur bonds (5.85A) in molecule 7. Henceforth, the best
scoring poses for molecules 7 and 13 included no chlorine-involved bonds. Regarding the
strong interactions made by fluorine in molecule 15 and the absence of chlorine interaction in
all chlorine-containing molecules, it can be deduced that fluorine is a more potent halogen
than chlorine, indicating that when designing an analogue, it is desirable to consider fluorine
over chlorine.

The docking results are in strong agreement with the above-mentioned descriptors’ analysis of
the QSAR study. The descriptor SpDiam_A (spectral diameter from the adjacency matrix)
was reflected by the repetitive presence of pi-bonds of different types as SpDiam_A suggests
that the more negative the HOMO energy, the more reactive the inhibitor is (since the
negative of the HOMO energy corresponds to the first ionization energy of a molecule,
according to the Koopman’s theory). Pi-bonds of the studied molecules, molecule 19 for
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example, consisted of electron-rich species (high HOMO energy) and electron-deficient
species, where the electron-rich species was always a functional group from the studied
molecules, more often the triazole group. The descriptor minsssN reflects the Minimum atom-
type E-State of nitrogen atoms with 3 single bonds; and as suggested by the QSAR findings
above, nitrogen presence contributes to the formation of HBs, which are a key factor in drug-
target recognition but also its stabilization. The descriptor maxsOH, representing the number
of terminal/radical alcohols, is present in 4 molecules: 14,18, 23, and 24, with an affinity of -
5.8,-6, -6.7, and -5.8 kcal/mol respectively, and is related to HBs interestingly formed
between the oxygen and the hydrogen of the alcohol (in the case of molecule 24) mainly with
Thr45 and Ser46 among others. The descriptor nlevel(7) describes the number of neighboring
atoms at shell 7 from the chiral center. As interpreted in descriptors analysis, the docking
results confirm that, for similar molecules (molecules belonging to the same cluster), the more
neighboring atoms, the less potent the inhibitor is. This is illustrated in molecules 19 and 15,
where they are similar to each other, the best-affinity molecule (19) has only 1 neighboring
atom at the 7th shell of the chiral center, while the second-best-affinity molecule (15) has 2.
This can be seen through the rest of the molecules as well. Thus, this descriptor, confirmed by
the docking results, suggests that in the chiral pair of molecules (19,15), molecule 19 is the
best recognized by and affine to the 3CLpro enzyme.
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Fig IV.15 Interactions of molecules (a) 15, (b): 19, (c): 7, (d): 13, (e): 18, (f): 24

The reference molecule is the Pfizer molecule PF-07321332 illustrated in Fig IV.16, which is
currently in advanced clinical trials. It was docked using the same procedure. The molecule
scored affinity energy of -8.8 kcal/mol, with 3 conventional HBs (Cys145 with fluorine,
Gly143 with oxygen in the amide group, and Tyr54 with the nitrogen hydrogen of the
pyrrolidone of bond lengths of 3.52 A, 2.87 A, and 2.64 A), 3 halogen bonds with the 3
fluorine atoms both with the oxygen present in Thr26 and nitrogen of His41 of lengths of 3.19
A, 3.86 A, and 3.03 A respectively, and 2 carbon HBs between ASN142 carbon the tertiary
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nitrogen ring (3.32 A) and between GLN189 and nitrile carbon (3.40 A). The second-best-
performing pose, with an affinity energy of -7.98 kcal/mol, showed more interactions, notably
the nitrile warhead that was involved in a conventional HB with ASN142 (3.13 A) in addition
to new pi-sigma and pi-alkyl bonds. Molecule 19 and PF-07321332 have an affinity energy
difference of -1 kcal/mol which is evidence that molecule 19 could be a good alternative for
PF-07321332. This difference could be due to the presence of several amide groups whose
oxygen and nitrogen are involved in HBs, and the three fluorine atoms in contrary to none/one
in molecules 19 and 15.

In summary, HBs and pi-bonds of different types were the most frequent bonds between the
24 inhibitors and the active site residues of the 3CLpro enzyme. Moreover, the QSAR results
and docking results fell in agreement with each other, confirming their powerfulness and
correctness. Considering the QSAR results, the 1Cso values, the ADMET properties, and the
docking results, it is safe to consider molecules 19 and 15 as potent inhibitors and consider
them for further analysis and in wet lab synthesis since they were well described by the
molecular descriptors, well predicted by the DA-SVR model, fully accepted by the Lipinski
Rule, Pfizer Rule, GSK Rule, and Golden Triangle and thus good pharmacokinetic and
pharmacodynamics properties, and they showed an excellent affinity with the binding site of
the enzyme.
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3. Conclusion
In the work on ML300 analogues, three models were built to predict the inhibitory activity of
potentially therapeutic molecules to contribute to the acceleration of drug discovery by the
mean of computational chemistry. The results indicate that the relation between the ICs, and
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the selected descriptors is nonlinear and thus needs a nonlinear approach to model it. Among
the three algorithms, the PSO-SVR model performed best with the lowest errors and highest
regression coefficients. The PSO-SVR model obtained was demonstrated to be a robust,
statistically and biologically meaningful model capable of predicting the activity of unknown
potential inhibitors. The obtained results also revealed the key descriptors to maximize the
activity of the selected molecules, among which the structural complementarity characteristics
in terms of the moment of inertia, rotatable bonds, and weighted paths were found
proportional to the activity. On the other hand, a very complex hyper-volume of reactivity
may hinder the binding of the molecule and the active site. Further docking and virtual
screening studies are being investigated based on the findings of this article. The results
obtained in this article have promising aspects in designing a potential drug against COVID-
19.

The global aim of modeling heterogeneous inhibitors was to identify potential inhibitors of
the 3CLpro enzyme by implementing a ligand-based technique (QSAR) and a structure-based
technique (molecular docking). Thus, this study consisted of developing and interpreting
correlative and mechanistic QSAR models to predict the half maximum inhibitory activity
ICso of potential inhibitors of the 3CLpro enzyme of the SARS-CoV-2 virus, considering
ADMET properties as a filtering procedure to select drug-like molecules, and elaborating a
molecular docking study of the selected inhibitors to understand the nature of their interacting
modes with the enzyme. The mechanistic interpretation had the goal of exploring the
biological meaning of the developed model and decoding the underlying structure-activity
relationships SARs. Thus, the selection of pertinent descriptors was carried out using SVR
and revealed 10 descriptors ranging from adjacency matrix, functional groups, electro-
topological, and chirality-derived descriptors. The qualitative and quantitative interpretations
agreed with each other and revealed that the larger the mean of the neighboring atoms and the
less the HOMO is, the better the inhibitor, with a relative importance of 81%, along with the
number of unsubstituted benzene carbons, that impacted the powerfulness of the inhibitors of
79%. Conversely, nonaromatic conjugated carbons and a large number of the atoms 7 bonds
distant from the chiral center were found to hinder the binding of the inhibitors with the
3CLpro enzyme of -82% and -71%. The integration of BR-BPNN, DA-CNN, and DA-SVR
has propelled our research to new heights, culminating in the creation of the DA-SVR model.
With good precision (R2: 0.92, Q2: 0.92, RMSE: 0.21), this model exemplifies the capabilities
of integrated Soft Computing techniques. Thus, the model was confirmed to be statistically
valid, unbiased, and robust, with 98% of the data contained in the applicability domain. The
model was able to outperform many other models recently reported in the literature. The
ADMET properties indicated that 24 of the 246 molecules had good ADMET profiles and
drug-like properties, indicating the possibility of oral administration as drugs. Their docking
results suggested that molecules 19 and 15, sharing the 1H-isoindole and triazole fragments
showed the best affinity energy of -7.8 and 7.5 kcal/mol, showing a close energy affinity with
the reference molecule with affinity energy of -8.8 kcal/mol, with conventional and pi-donor
hydrogen bonds, halogen and alkyl bonds, confirming the QSAR results that the spectral
diameter, mainly reflected by the triazole functional group and the presence of single-bonded
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nitrogen atoms and alcohol groups as shown in the interactions have a good impact on the
inhibition of the enzyme.

Based on all the above results, molecules 19 and 15 are potentially potent inhibitors of the
3CLpro with low ICsy values, good ADMET properties, and a strong affinity with the
enzyme. Thus, they can be used for further screening of larger inhibitor libraries, analogs
generation, and QSAR-based synthesis studies to undergo wet-lab experiments and contribute
to the discovery of potential leading compounds against the 3CLpro enzyme of the SARS-
CoV-2.
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General Conclusion

In the annals of scientific inquiry, this thesis is an opus of great significance,
representing an expansive odyssey into the intricate realms of Computer-Aided Drug Design.
Within these pages, a rich tapestry of methodologies and computational innovations has been
woven, promising to reshape the very contours of pharmaceutical discovery. At its heart, this
study was a relentless pursuit of understanding, a quest to decipher the cryptic language of
molecular interactions and harness this knowledge for the greater good.

The foundational objective of this thesis was nothing less than monumental: to unravel
the complex dance between molecular structures and their inhibitory potential, focusing
particularly on the 3CLpro enzyme of the notorious SARS-CoV-2 virus. In this endeavor,
advanced computational techniques, spanning the spectrum from ligand-based (QSAR)
analyses to sophisticated structure-based (molecular docking) simulations, were employed.
Through meticulous experimentation, each algorithm and model was meticulously refined
transforming raw data into nuanced insights and theoretical concepts into actionable
intelligence.

Central to the success of this research were the predictive models, each a testament to
the fusion of cutting-edge technology and unwavering dedication. The PSO-SVR model,
crowned with laurels, emerged as a beacon of accuracy and reliability, demonstrating an
unprecedented capacity to predict the inhibitory activities of a set of chemical compounds.
These models not only highlighted the computational prowess at our disposal but also hinted
at a future where predictive algorithms become indispensable tools in the arsenal of drug
developers.

However, the true marvel of this endeavor lies not merely in its computational
achievements but in the deep understanding of molecular nuances it offers. Through
exhaustive analysis, a symphony of descriptors was identified, each note contributing to the
harmonious melody of inhibitory efficacy. Structural complementarity characteristics, akin to
the intricate brushstrokes of a masterful painting, intertwined with specific functional groups,
creating a canvas upon which the fate of potential therapeutics was written. This deep
comprehension of molecular intricacies not only enriches our theoretical repository but also
charts a course for the deliberate design of novel, potent drug candidates.

Delving further into the labyrinthine world of mechanistic interpretation, this research
probed the very essence of biological significance. It dissected the core of structure-activity
relationships (SARs), unraveling the enigmatic language through which molecules
communicate their inhibitory potential. This profound decoding not only elucidates the
mysteries of molecular interactions but also presents a roadmap for the future, where drugs
are not merely discovered but meticulously crafted from a deep understanding of their
biological relevance.

Amidst this scientific symphony, two luminaries emerge: molecules 19 and 15. In their
molecular structures lies the promise of a brighter tomorrow. Their exceptional inhibitory
properties, combined with favorable ADMET profiles and a robust affinity for the 3CLpro
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enzyme, herald a new dawn in the fight against viral infections. These compounds, symbolic
of human ingenuity and scientific brilliance, beckon forth a future where diseases are not
merely treated but conquered.

In essence, this thesis transcends the boundaries of conventional scientific inquiry. It is
not merely a culmination of experiments and analyses; it is a manifesto of possibilities, a
testament to the indomitable spirit of exploration. As we gaze upon the horizon of
pharmaceutical discovery, this research stands as a lighthouse, illuminating the path ahead Its
methodologies, models, and compounds do not merely constitute a chapter in the annals of
science; they mark a paradigm shift, inviting us into an era where diseases are not feared but
understood, and where today's remedies become the foundations of a healthier and brighter
future for all of humanity.

The obtained results and findings open the horizon for many perspectives in finding a
therapeutic molecule for COVID-19:

- Invitro and in vivo evaluation of the suggested molecules

- Analogues generation based on the suggested molecules and on the suggested
structural features.

- QSAR-based synthesis and inverse QSAR for the suggested molecules

- Use of other Al techniques such as GNN, and other metaheuristic optimization
algorithms such as ABC, GWO and multiple hybridizations.

- Consideration of other potential targets such as Spike protein and RdRp enzyme, and
the dual inhibition synergy possibility.
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