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ABSTRACT

The research work presented in this thesis comprises a
computational investigation into the identification and optimization of
novel inhibitors targeting the enoyl-acyl carrier protein reductase
(InhA) enzyme of Mycobacterium tuberculosis, a key enzyme in
mycolic acid biosynthesis and a validated anti-tubercular drug target.
The study integrates cheminformatics, QSAR modeling, and structure-
based drug design methodologies to explore the chemical space of
known InhA inhibitors and to identify new bioactive scaffolds. A
comprehensive activity landscape analysis was conducted to gain
insights into structure—activity relationships (SAR) and detect activity
cliffs among known inhibitors. A predictive QSAR model was
developed using molecular descriptors and machine learning algorithms
to classify compounds as active or inactive. This model was applied to
screen selected phytochemicals derived from traditional Indian
medicinal plants, and active compounds were subjected to molecular
docking for further screening and to evaluate their binding potential.
Structure-based virtual screening of the ZINC database was performed
using molecular docking, followed by MD simulations, MM-PBSA
free energy calculations, and DFT analysis to evaluate binding affinity,
stability, and electronic properties. ADMET profiling was also carried
out to assess drug-likeness. The findings highlight several potential
lead compounds that exhibit strong inhibitory potential against InhA

and warrant further experimental validation.

Keywords: InhA inhibitors; Chemical space analysis; Activity
landscape modeling; QSAR modeling; Structure-based virtual

screening.
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PREFACE

The convergence of chemistry, biology, and medicine has
profoundly impacted modern drug discovery. In recent decades, the
integration of computational chemistry with cheminformatics and
computer-aided drug design (CADD) has enabled the rapid and
systematic identification of drug candidates through data-driven
approaches. With the increasing availability of structural and biological
data for thousands of target proteins in public databases, discovering
new structure—activity relationships (SAR) and predicting biological
activity using in silico methods has become a fundamental aspect of

rational drug design.

In this context, tuberculosis (TB), caused by Mycobacterium
tuberculosis, remains a global health challenge due to the rise of
multidrug-resistant strains. One of the validated drug targets in TB is
the enoyl-acyl carrier protein reductase (InhA), an essential enzyme
involved in the biosynthesis of mycolic acids, which are critical for
bacterial cell wall integrity. Given the availability of structural and
activity data for InhA inhibitors, cheminformatics approaches offer
great promise for exploring chemical space, understanding SAR, and
identifying new inhibitors through ligand- and structure-based

screening techniques.

This thesis, titled “Cheminformatics-Driven Exploration of
Chemical Space for InhA Inhibitors in Mycobacterium tuberculosis
through Virtual Screening and Molecular Modeling”, is organized
into seven chapters. Chapter 1 provides a brief introduction to chemical

space as a source for new drugs, various computational methods for



rational drug design, and a detailed description of the target enoyl-acyl
carrier protein reductase (InhA) and its therapeutic relevance. Besides,
this chapter presents the motivation and objectives of the current
research problem. Chapter 2 describes the software tools, datasets, and

computational methodologies used in each phase of the research.

The core research is presented across Chapters 3 to 6. Chapter 3
presents a detailed cheminformatic analysis of Mycobacterium
tuberculosis inhibitors, focusing on the exploration of chemical space
and structural diversity. The study highlights scaffold diversity,
molecular property distribution, and key structural features of known
InhA inhibitors to gain insights into their chemical behavior and design
potential. Chapter 4 presents an activity landscape modeling study of
InhA inhibitors, aimed at characterizing structure—activity relationships
through the identification of activity cliffs. The analysis highlights
subtle structural changes responsible for significant potency variations,
offering insights into key molecular features that influence bioactivity.
Chapter 5 highlights the development of a machine learning-based
QSAR classification model for predicting InhA inhibitory activity. The
model was built using molecular descriptors and validated algorithms,
and was later employed to identify potential InhA inhibitors from a
library of phytochemicals derived from traditional Indian medicinal
plants. Chapter 6 describes the structure-based virtual screening of the
ZINC database through combined molecular docking, molecular
dynamics (MD) simulations, MM-PBSA binding free energy
calculations, DFT-based electronic property analysis, and ADMET
profiling. These integrated computational approaches were employed to
evaluate the binding stability, electronic features, and pharmacokinetic

behavior of selected InhA inhibitors.



Finally, Chapter 7 summarizes the key findings of the study and
outlines potential directions for future research, including experimental
validation and scaffold optimization. This thesis demonstrates the
strength of computational approaches in accelerating early-stage drug
discovery, particularly for infectious diseases such as tuberculosis, and
presents promising candidates for further exploration as InhA-targeted

anti-tubercular agents.



CONTENTS

Chapter 1
Introduction and Review of Literature

1.1

1.2

Introduction
1.1.1 Mycobacterium tuberculosis
1.1.2 Important drugs and drug targets

1.1.3 Enoyl-acyl carrier protein reductase (InhA)
Current challenges in TB drug discovery

1.2.1 Biological mechanism
1.2.2  Cell wall thickness
1.2.3 Drug-resistant

1.2.4 Co infection
1.2.5 Target identification
1.2.6 Insufficient funding

1.3 Computer Aided Drug Design (CADD)

1.3.1 Types of CADD Techniques
1.3.2 Cheminformatics in Drug Discovery
1.3.3 Molecular representations
1.3.4 Molecular descriptors
1.3.5 Databases in Drug Discovery
1.3.5.1  Chemical Databases
1.3.5.2  Protein Databases

1.3.6 Data mining of database
1.3.7 Chemical Space and Its Relevance

1.4 Role Of CADD in Screening and Developing Novel
Anti-TB Drugs
1.5 Scope of the present study
1.6  Objectives of the present study
References
Chapter 2

Theoretical And Methodological Overview
2.1 Introduction
2.2 Molecular representation
2.3 Molecular modeling
2.4 Molecular descriptors
2.5 Molecular fingerprints

Page No.
1-41

O 000 0 3 W NN

27
27

30
42-78

42
42
44
46
48



2.5.1 Types of molecular fingerprints
2.6 Feature Selection Method
2.7 Molecular similarity
2.7.1 Similarity metrics
2.8 Diversity analysis
2.9 Chemical space analysis
2.9.1 Principal Components Analysis
2.9.2  Self-Organizing Maps
2.10 Activity landscape modelling
2.11 Virtual screening

2.12  Quantitative Structure Activity Relationship
2.12.1 Types of QSAR
2.13 Machine learning modelling

2.13.1 Model Performance Evaluation
2.14 Molecular docking
2.14.1 Theory of Docking
2.14.2 Search / Sampling Algorithms
2.14.3 Scoring Functions
2.15 Molecular dynamics simulation
2.16 Software
2.16.1 Computational software
2.16.2 Visualization software
2.17 Computer power
References
Chapter 3

Unleashing the Potential of Cheminformatic Analysis for

48
50
52
52
53
54
54
55
55
56

57
58
59

60
62
63
63
64
64
65
65
68
69
70
79-121

Mycobacterium Tuberculosis Inhibitors: Insights into Chemical

Space and Structural Diversity
3.1 Introduction
3.2 Materials and Methods
3.2.1 Datasets and Data Curation
3.2.1.1. Reference Datasets
3.2.2 Molecular Representation
3.2.2.1  Physicochemical Properties
3.2.2.2  Structural Fingerprints
3.2.2.3  Molecular Scaffolds
3.2.3 Similarity Analysis
3.2.4 Chemical Space Analysis
3.3 Result and Discussion
3.3.1 Physicochemical Properties

3.3.1.1 Visual representation of the property

79
82
82
84
85
86
86
88
88
&9
90
90
96



space

3.3.2 Fingerprint Diversity 100

3.3.3 Scaffold Diversity 104

3.3.3.1  Scaffolds content in the databases 106

3.3.4 similarity analysis 108

3.4 Conclusion 111

References 114
Chapter 4 122-153

Activity Landscape Modeling of InhA Inhibitors: Characterizing
Potency Variations through Structural Similarity

4.1 Introduction 122
4.2 Materials and Methods 125
4.2.1 Dataset and Data Curation 125
4.2.2. Activity landscape modeling 126
4221  SAS maps 127
4222 Structure—Activity Landscape Index 128
4223 Activity Cliff Generators 129
4.2.3 Molecular Docking 129
4.2.4 Molecular dynamics simulation and MM- 130
PBSA calculation
4.3 Results and Discussion 131
43.1 SASMap 131
4.3.1.1.  Quantitative Analysis of SAS Maps 133
4.3.2. Activity Cliff Generators and SAR 135
Interpretation
4.3.3 Molecular docking 138
4.3.4. Molecular dynamics simulation and free 141
energy calculations
4.4 Conclusion 144
References 146
Chapter 5 154-183

Machine learning-based QSAR modeling and screening of Indian
medicinal plants against InhA

5.1 Introduction 154
5.2 Materials and Methods 156
5.2.1 Data Collection and Curation 156
5.2.2 Molecular Descriptors 157
5.2.3 Data Filtering and Preprocessing 158
5.2.4 Data Splitting and Test Selection 160
5.2.5. QSAR Classification Model Building 160
5.2.6. Statistical Assessment for Model Validation 161

and Performance



5.2.7. Screening of Indian medicinal plants 162

Molecules

5.2.8. Molecular docking 163
5.3 Result and discussion 164

5.3.1. Chemical space analysis of Mtb inhibitors 164

5.3.2. Machine Learning based QSAR Screening 167

Model

5.3.3. Statistical Assessment for Model Validation 170

and Performance

5.3.4. Mechanistic Analysis of Feature Importance 172

5.3.5 ML-based screening of medicinal plant 175

molecules

5.3.6 Molecular docking based virtual screening 176
5.4 Conclusion 178

References 180

Chapter 6 184-222

Integrating Virtual screening, MD Simulation, MM-PBSA,
ADMET and DFT calculations for Identifying InhA inhibitors in
Mycobacterium Tuberculosis

6.1 Introduction 184
6.2 Materials and Methods 186
6.2.1 Virtual Screening and Molecular Docking 186
6.2.2 Molecular dynamics simulation 188
6.2.3 MM-PBSA calculation 188
6.2.4 ADMET profile 188
6.2.5 DFT studies 189
6.3 Result and Discussion 190
6.3.1 Virtual Screening and Molecular Docking 190
6.3.2 Molecular dynamics simulation results 195
6.3.3 Free energy calculations 202
6.3.4 Pharmacokinetic profile 203
6.3.5. DFT analysis 206
6.4  Conclusion 214
References 216
Chapter 7 223
Conclusion and Future outlook
Publications

Conference attended



List of Tables

Table Title Page

No. No.

1.1 The lists of inhibitors and their structures that target 3
cell wall biosynthesis

1.2 The different types of drug-resistant tuberculosis 9

1.3 Molecular descriptor classifications and examples 17

1.4 Commonly used software for the generation of 18
molecular descriptors

1.5 The list of major chemical databases that are freely 20
accessible and widely used

1.6 The list of major protein databases that are accessible 21
online

3.1 Data sets analyzed in this study 84

3.2 Statistical summaries of the distribution of each 92
dataset

33 Loadings for the first four principal components 98
(PCs) of the property space of the four datasets

34 Pairwise similarity distribution statistics calculated 104
using three fingerprints and the Tanimoto coefficient

3.5 Comparative Analysis of the Scaffold Diversity of 105
Mtbs and Phytochemicals Libraries

4.1 Quantitative Analysis Summary of four SAS Maps 134
region

4.2  Binding free energy (Kcal/mol) for the selected 143
activity cliff compounds

5.1 Model Performance comparison results using 168
LazyPredict

5.2 The classification report of the actives and inactives 171

53 The expanded evaluation metrics of the ML-QSAR 172
model

54 The lists of the top 20 feature importance with their 174
respective descriptions

5.5 Binding Affinity of Top 8 Compounds and Their Source 177
Plants

6.1 The Docking score of the top ranked five compounds 191
in the active site of InhA

6.2 The protein-ligand interactions for top-ranked 192

compounds in the active site of InhA




6.3

6.4

6.5

6.6

6.7
6.8

Binding free energy (Kcal/mol) for the selected
compounds of InhA

Summary of physicochemical properties of selected
compounds against InhA determined using
SwissADME web tool

ADME Properties of Selected compounds Analysed
Using the pk-CSM Web Server

Toxicity profile for selected compound performed
using pk-CSM webserver

The geometric parameters of the ligands

Energetic parameters of the ligands under
investigation (Unit eV and for softness eV!)

203

204

205

206

207
212




List of Figures

Figure Title Page
No. No.
1.1 The final step in the mycolic acid biosynthesis 6
pathways in mycobacterium cell wall

1.2 Chemical structure of isoniazid and mechanism of 7
formation of the INH-NADH adduct

1.3 Schematic representation of traditional drug 12
discovery vs. CADD process

1.4 Schematic representation of CADD techniques 13

1.5 Summary of different types of molecular 16
representation

2.1 Classification of feature selection methods 51

2.2 Classification of ligand based and structure based 57
virtual screening

23 A flowchart of the steps involved in developing a 58
QSAR model

24 Types of machine learning 60

2.5 Confusion matrix 62

3.1 Violin plots of the distribution of six 94
physicochemical properties for the datasets

3.2 Euclidean distance correlation matrix of datasets 96
created based on six physicochemical properties of
pharmaceutical relevance

33 The 3D visual representation of the property space of 99
four datasets produced by principal component
analysis (PCA) of six PCP

3.4 The 2D visual representations of the property space 99
(A) Drugs, (B) Mtbs, (C) Nutraceuticals, and (D)
Phytochemicals in the form of PCA plot produced
using six PCP

3.5 CDF of pairwise Tanimoto similarity values 102
calculated for all datasets (A) ECFP4, (B) MAACS,
and (C) PubChem key fingerprints

3.6 Most favourable scaffold identified in the datasets 107
(A) Mtbs (B) Phytochemicals. For each scaffold, the
frequency is indicated in different colours

3.7 Similarity Skelspheres visualization; similarity is 110

indicated by color. (A) Mtbs dataset (B)
Phytochemicals dataset




3.8

4.1
4.2

43

4.4

4.5

5.1

52

53

5.4

5.5

5.6

5.7

5.8

Structurally similar molecules are shown in the
figure. (A) Mtb dataset (B) phytochemicals dataset
Four major regions in a SAS map

SAS maps of the global activity landscapes of InhA
inhibitors: (A) SALI SAS map, (B) maximum
activity SAS map, (C) density SAS map
Representative activity cliff generators and selected
pairs of compounds formed with the generators (A)
(2S,4R)-1-(1-benzofuran-3-carbonyl)-4-[(5-ethyl-2-
methylpyrazole-3-carbonyl)amino]pyrrolidine-2-
carboxylic acid, (B) N-[(3R,5S)-1-(1-benzofuran-3-
carbonyl)-5-(diethylcarbamoyl)pyrrolidin-3-yl]-5-
ethyl-2-methylpyrazole-3-carboxamide in the activity
landscape of InhA dataset. The structural changes
resposible for the activity cliff are highlighted in
color

Predicted binding poses of selective compounds
identified as activity cliffs generators, within the
binding site of InhA. (A) CHEMBL3125244 (B)
CHEMBL3125251 (C) CHEMBL3125252 (D)
CHEMBL3125259 (E) CHEMBL3125275

The RMSD plots of the activity cliff compounds (A)
CHEMBL3125244, (B) CHEMBL3125251 (C)
CHEMBL3125252 (D) CHEMBL3125259

A flowchart of the QSAR modeling and evaluation
process

Bar plots of class distribution. (A) Before
Resampling (B) After Resampling with SMOTE
Selected 15 Indian Medicinal plants for the screening
of molecules against Mtb

Chemical space of the Mtb inhibitor dataset.
Molecular weight on the X-axis, logP on the Y-axis
Box plots of drug likeness evaluation of Mtb
inhibitors. (A) Molecular weight (B) LogP (C)
Hydrogen bond acceptors (D) Hydrogen bond donors
Accuracy and F1 Score comparison of various
machine learning models generated using
LazyPredict

Training time (in seconds) for different classifiers
evaluated using LazyPredict

Confusion matrix summarizing the classifier’s
predictions

111

128
133

137

140

143

156

159

163

165

166

169

169

171



59

5.10

5.11

6.1

6.2

6.3

6.4

6.5

6.6

6.7

6.8

6.9

Bar Plots of Feature Importance using Chi-square
Test

Predicted class distribution on unknown
phytochemical dataset

The structures of selected molecules with the highest
docking score (A) Somniferine (B) Sitoindoside IX
(C) Withanicandrine (D) Alpha amyrine (E)
Glabrolide (F) Llicoric acid (G) Withasomnilide (H)
Withanolide D

3D and 2D Interactions and orientations of
ZINC82139221 (A, B), ZINC4090770 (C, D),
ZINC401340 (E, F), ZINC49940, (G, H) and
ZINC35877800 (I, J) in the binding pocket of InhA
The RMSD, RMSF, SASA, number of hydrogen
bonds, and Rg plots of the InhA - ZINC82139221
complex

The RMSD, RMSF, SASA, number of hydrogen
bonding, and Rg plots of the InhA-ZINC4090770
complex

The RMSD, RMSF, SASA, number of hydrogen
bonding, and Rg plots of the InhA - ZINC401340
complex

The RMSD, RMSF, SASA, number of hydrogen
bonding, and Rg plots of the InhA - ZINC49940
complex

The RMSD, RMSF, SASA, number of hydrogen
bonding, and Rg plots of the InhA - ZINC35877800
complex

Optimized structures of the Ligands a)
ZINC82139221, b) ZINC4090770, c) ZINC401340,
d) ZINC49940, and e) ZINC35877800 at M06-2X/6—
311++G(d,p) level of theory

DFT calculated HOMO(Enomo), LUMO (ELumo),
and their energy gap (AE) for a) ZINC82139221, b)
ZINC4090770, c) ZINC401340, d) ZINC49940, and
e) ZINC35877800 at M06-2X/6— 311++G (d,p) level
of theory (Isovalue = 0.02)

The ESP of a) ZINC82139221, b) ZINC4090770, c)
ZINC401340, d) ZINC49940, and e) ZINC35877800
at M06-2X/6— 311++G (d,p) level of theory

173

176

178

193

197

198

198

200

202

207

211

213



TB
WHO
MTBC
Mtb
INH
RIF
PZA
EMB
SM
OFX
LEV
MOX
CIP
KAN
AMK
CAP
ETH
PTH
CS

PAS
InhA
DprE1/DprE2
EmbCAB
MmpL3
DdIA
LdtM1/Ldts
MDR
XDR
RR
CADD
SBDD
LBDD
QSAR
SBVS
LBVS
MD

Al

ML

List of Abbreviations

: Tuberculosis

: World Health Organization

: Mycobacterium tuberculosis Complex
: Mycobacterium tuberculosis

: Isoniazid

: Rifampin

: Pyrazinamide

: Ethambutol

: Streptomycin

: Ofloxacin

: Levofloxacin

: Moxifloxacin

: Ciprofloxacin

: Kanamycin

: Amikacin

: Capreomycin

: Ethionamide

: Prothionamide

: Cycloserine

: p-Aminosalicylic Acid

: Enoyl-acyl carrier protein reductase

: Decaprenylphosphoryl-B-D-ribose epimerase
: Ethambutol target enzyme complex

: Mycobacterial membrane protein Large 3
: D-alanine—D-alanine ligase A

: L,D-transpeptidases

: Multidrug-Resistant

: Extensively Drug-Resistant

: Rifampicin Resistance

: Computer-Aided Drug Design

: Structure-Based Drug Design

: Ligand-Based Drug Design

: Quantitative Structure—Activity Relationship
: Structure-Based Virtual Screening

: Ligand-Based Virtual Screening

: Molecular Dynamics

: Artificial Intelligence

: Machine Learning



DL
ADMET

SMILES
InChl
TPSA
Rg
SASA
dPSA
PDB
NCBI
IMPPAT

MM
QM
UFF
CFF/CVFF

ECEPP

BMS
WHIM
GETAWAY

CoMFA
GRID
ISIDA
SMIFP
MFP
BCI
MACCS
Molprint2D/3D
ECFP
FCFP
PP

PCA
SVD
SOM
SAS

AC

T

HTS

: Deep Learning

: Absorption, Distribution, Metabolism, Excretion,
and Toxicity

: Simplified Molecular Input Line Entry System
: International Chemical Identifier

: Topological Polar Surface Area

: Radius of Gyration

: Solvent Accessible Surface Area

: Dynamic Polar Surface Area

: Protein Data Bank

: National Center for Biotechnology Information
: Indian Medicinal Plants, Phytochemistry And
Therapeutics

: Molecular Mechanics

: Quantum Mechanics

: Universal Force Field

: Consistent Force Field / Consistent Valence Force
Field

: Empirical Conformational Energy Program for
Peptides

: Biopolymer Molecular Simulation

Weighted Holistic Invariant Molecular descriptors
: Geometry, Topology, and Atom-Weights
AssemblY descriptors

: Comparative Molecular Field Analysis

: Grid-Independent Descriptors

: In Silico Design and Data Analysis descriptors
: SMILES Fingerprint

: Mini Fingerprint

: Barnard Chemistry Information fingerprints

: Molecular ACCess System keys

: Molecular printing (2D and 3D variants)

: Extended-Connectivity Fingerprints

: Functional-Class Fingerprints

: Pharmacophore Fingerprint

: Principal Component Analysis

: Singular Value Decomposition

: Self-Organizing Map

: Structure—Activity Similarity

: Activity Cliff

: Tanimoto Coefficient

: High-Throughput Screening



SVM
RMSD
RMSF
PUMA
RSF
MW
RTB
HBA
HBD
ALogP
CDF
FDA
PCP

SALI
SAS Map
OPLS/AA

AMBERTOOLS

ACPYPE
SPC

ROS5
SMOTE
TPU
GPU
IMPs
LGBM
MIC
TPR
TNR
PubChemFP
Z1D

MGL Tools
pdbqt

ESP
HOMO
LUMO

1P

EA

DR-TB

: Support Vector Machine

: Root Mean Square Deviation

: Root Mean Square Fluctuation

: Platform for Unified Molecular Analysis
: Rubberbanding Scaling Forcefield

: Molecular Weight

: Rotatable Bonds

: Hydrogen Bond Acceptors

: Hydrogen Bond Donors

: Partition Coefficient (octanol/water)

: Cumulative Distribution Function

: U.S. Food and Drug Administration

: Pharmaceutically relevant Physicochemical
Properties

: Structure—Activity Landscape Index

: Structure—Activity Similarity Map
Optimized Potentials for Liquid Simulations / All
Atom

: Assisted Model Building with Energy Refinement
Tools

: AnteChamber PYthon Parser Interface

: Simple Point Charge

: Rule of Five

: Synthetic Minority Over-sampling Technique
: Tensor Processing Unit

: Graphics Processing Unit

: Indian Medicinal Plants

: Light Gradient Boosting Machine

: Minimum Inhibitory Concentration

: True Positive Rate

: True Negative Rate

: PubChem Fingerprint Descriptors

: Isonicotinic-acetyl-nicotinamide-adenine
dinucleotide

: Molecular Graphics Laboratory Tools

: PDB with Partial Charges and Torsions

: Electrostatic Surface Potential

: Highest Occupied Molecular Orbital

: Lowest Unoccupied Molecular Orbital

: lonization Potential

: Electron Affinity

Drug-Resistant Tuberculosis



Chapter 1

Introduction and Review of
Literature




Introduction

1.1. Introduction

There is a dread disease which so prepares its victim, as it were,
for death; which so refines it of its grosser aspect, and throws around
familiar looks unearthly indications of the coming change; a dread
disease, in which the struggle between soul and body is so gradual,
quiet, and solemn, and the result so sure, that day by day, and grain by
grain, the mortal part wastes, and withers away, so that the spirit grows
light and sanguine with its lightening load, and, feeling immortality at
hand, deems it but a new term of mortal life (Nicholas Nickleby, 1838,
chapter 49). To date, Charles Dickens' expressions remain relevant [1].
Even in the twenty-first century, tuberculosis (TB) still affects around
one-third of the world's population, making it one of the major

infectious diseases [2].

According to the latest WHO reports, 8.2 million new cases and
1.25 million deaths are expected in 2023, and in 2024 around 8.3
million new TB cases were reported with approximately 1.23 million
deaths globally [3]. TB is caused by a group of closely related bacteria
known as the Mycobacterium tuberculosis complex (MTBC) [4]. The
MTBC is a genetically related group of Mycobacteria that includes
Mycobacterium tuberculosis (M. tuberculosis), Mycobacterium
africanum (M. africanum), Mycobacterium bovis (M. bovis),
Mycobacterium canettii (M. canettii), Mycobacterium microti (M.
microti),  Mycobacterium  pinnipedii (M.  pinnipedii) and
Mycobacterium caprae (M. caparae) [5]. From those species, M.
tuberculosis is the most significant member and primary pathogen

causing TB in humans [6].
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1.1.1. Mycobacterium tuberculosis

Mycobacterium tuberculosis (Mtb) also known as Koch’s
bacillus, plays a vital role in the history of microbiology. In 1882, the
German scientist Robert Koch was the first microbiologist to declare
the effective isolation of the causal agent of TB, which was later termed
Mycobacterium tuberculosis [7]. Mtb primarily affects the lungs, but it
can also affect other organs and tissues including the lymph nodes,
brain, kidneys, and spine [8]. To tackle this successful human
pathogen, we must have a deeper understanding of the fundamental
biology of mycobacterial pathogenesis [9]. The complexity of the cell
envelope, which is abundant in lipids and polysaccharides with unique
chemical structures, is one of the specific features that allow
mycobacteria to survive in the human body. As a result, the Mtb cell
envelope is a promising target for vaccine and therapeutic
development. Targeting mycobacterial cell wall is a successful and

effective strategy for anti-TB drugs [10,11].
1.1.2.Important Drugs and drug targets

TB drugs are classified into first-line drugs and second-line
drugs based on their function, use, and mode of action. The first-line
therapeutic agents are the most efficient and least harmful when used to
treat tuberculosis, but the second-line agents are less efficient, more
costly, and more toxic [12]. In contrast, they are necessary for the
treatment of drug-resistant bacterial strains. First-line drugs include
isoniazid (INH), rifampin (RIF), pyrazinamide (PZA), ethambutol
(EMB), and streptomycin (SM), while second-line drugs are classified

2
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into three groups (i). Fluoroquinolones: Ofloxacin (OFX), Levofloxacin
(LEV), Moxifloxacin (MOX), Ciprofloxacin (CIP) (ii) Injectable
antituberculosis drugs- Kanamycin (KAN), amikacin (AMK) and
capreomycin (CAP) (iii) Less-effective second-line antituberculosis
drugs- FEthionamide (ETH)/Prothionamide (PTH), Cycloserine
(CS)/Terizidone, P-aminosalicylic acid (PAS) [10,11].

The currently available drugs, including first- and second-line
agents, mainly inhibit enzymes involved in the cell wall synthesis of
Mtb [13]. The cell wall comprises three major components: the
peptidoglycan layer, mycolic acid layer, and arabinogalactan
polysaccharide [14]. A multitude of research exists that emphasizes the
relevance of enzymes involved in the biosynthesis of the mycobacterial
cell wall, responsible for its survival, proliferation, permeability,
virulence, and resistance to drugs. As a result, the fundamental nature
of cell wall synthesis and component assembly has made the
mycobacterial cell wall the most commonly used target of anti-TB
drugs [11,15,16]. Several inhibitors targeting enzymes involved in Mtb

cell wall biosynthesis are summarized in Table 1.1.

Table 1.1. The lists of inhibitors and their structures that target cell
wall biosynthesis

Name Structure Cell wall Therapeutic
component Target
inhibited
INH 0 Mycolic acid InhA
N N NH2
N~ H
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TBA-7371 - (%:go/ Arabinogalactan DprEl
N S LAM

Cycloserine HN%MNHQ peptidoglycan DdIA
O

Meropenem/ | "« il Qn ’ peptidoglycan LdtM1

Clavulanate | & ° & T

Sanfetrinem peptidoglycan Ldts

1.1.3.Enoyl-acyl carrier protein reductase (InhA)

Enoyl acyl carrier protein reductase (InhA) is a major enzyme
involved in fatty acid synthesis, particularly in mycolic acid
biosynthesis. It is a member of the NADH-dependent acyl carrier
protein reductase family [17,18]. Mycolic acids are a-branched, b-
hydroxylated fatty acids with chains of 60-90 carbon atoms. They are
crucial components of the mycobacterial cell wall. [19]. Mycolic acid
biosynthesis is catalyzed by two enzyme systems: fatty acid synthase I
(FAS 1), which produces shorter chain fatty acids, and fatty acid
synthase II (FAS II), which involves fatty acid chain elongation. In
both systems, each elongation cycle consists of four successive steps:

(1) Condensation of acyl and malonyl groups, (2) B-ketoacyl-ACP
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reduction, (3) B-hydroxyacyl-ACP dehydration, and (4) trans-2-enoyl-
ACP reduction, resulting in an extended acyl chain with two more
carbon units [20,21]. InhA catalyzes the final step of the fatty acid
elongation cycle, namely the NADH-dependent reduction of trans-2-
enoyl-ACP [22]. The final step of mycolic acid biosynthesis catalyzed
by InhA is illustrated in Fig. 1.1.

o CoA + CO; 0 o
.
R)I\SCOA R)J\)J\SACP NADPH NADP OH O

A B ACP
FabH o o R/\)LS
~ AN Ace MabA
R g
,0

dehydratase
KasA ACP+CO. H
KasB
0]

o 0 Q InhA
6MSACP R/\)LSACP N . /VJ\SACP

NAD"™ NADH

Fig. 1.1. The final step in the mycolic acid biosynthesis pathways in
mycobacterium cell wall

InhA is one of the few clinically proven, attractive, and
extensively studied targets for developing new TB treatments. InhA can
be inhibited by both indirect and direct anti-TB drugs [23]. Indirect
inhibitors include drugs such as INH, prothionamide, and
ethionicotinamide, whereas direct inhibitors include triclosan/diphenyl
ether, pyrrolidine formamide, pyrrole, pyrrolidine carboxamide,
acetamide, thiadiazole, and triazole. Among these inhibitors, INH is
one of the most effective and extensively used frontline antitubercular
drugs, inhibiting TB [24,25]. INH is a prodrug that must be activated
by KatG, the mycobacterial catalase-peroxidase, to generate an INH-

NAD adduct Fig. 1.2, which inhibits the InhA enzyme of Mtb [26].
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Nevertheless, the majority of INH-resistant clinical strains are
identified largely due to the introduction of KatG mutants which do not
generate an INH-NAD adduct [27]. Therefore, inhibitors that directly
target InhA without requiring this activation might be good options for
developing new anti-tubercular drugs. Consequently, researchers are
working to discover InhA direct inhibitors that may aid in the global

eradication of TB [28-31].

[
X
L
N
HO +1IOH
O _NH-NH,
Oxy OH
H
A ?
KatG x NAD o-P-0
2 — |l 00
N or MnCl, N/ O’ \o|$)
isoniazid o .
isonicotinoyl radical HO
0}

Fig. 1.2. Chemical structure of isoniazid and mechanism of formation
of the INH-NADH adduct

1.2. Current challenges in TB drug discovery

Despite the availability of TB drugs, there are still many reasons

why drug design and development are difficult. Therefore, developing
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new, shorter, and more potent drugs to treat TB is essential in the field
of drug discovery. The current challenges of developing a tuberculosis
free world are the following.

1.2.1.Biological mechanism

One of the most challenging issues faced during the
development of new drugs is Mtb's ability to survive in the
microenvironment of the human host. Disrupting the host's innate and
adaptive immunity, as well as its inherent persistence, complicates
disease control. Our understanding of Mtb pathogenesis has advanced
significantly during the last few decades. However, the whole complex

biological mechanism of survival is still unclear [32,33].
1.2.2.Cell wall thickness

The Mtb cell wall is complicated and unique, consisting of a
thick peptidoglycan layer and an outer membrane constituted mainly of
lipopolysaccharides and fatty acids, with glycolipids and wax esters
embedded. This lipid-rich cell wall is intrinsically resistant to many
potential drugs, hindering drug penetration and efficacy. The rupture of
the cell wall structure will promote the admission of TB drugs,
resulting in mycobacterial cell death. As a result, many clinically
utilized anti-tuberculosis drugs and inhibitors in development are

targeting the cell wall [11,34].
1.2.3. Drug-resistant

Antibiotic resistance is one of the major reasons why TB

remains difficult to eliminate, and it has become a struggle to conquer
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[35]. The rise of drug-resistant strains has made disease control more
challenging, emphasizing the vital need for ongoing research into
innovative therapeutic treatments to address and alleviate the
worldwide effect of tuberculosis [36,37]. The different types of drug-

resistant TB are shown in Table 1.2.

Table 1.2. The different types of drug-resistant tuberculosis

Types of drug- Drugs

resistant TB

Mono-resistance Resistance to one first-line anti-TB drug only
Poly-resistance Resistance to more than one first-line anti-TB

drug, other than both INH and RIF

Multidrug-resistance Resistance to both INH and RIF, the most

(MDR) effective first-line TB drugs
Extensively drug- | INH and RIF, a fluoroquinolone, and a
resistance (XDR) ) second-line injectable (AMK, CAP, and
KAN)
Or

INH, RIF, a fluoroquinolone, and
bedaquiline or linezolid

Rifampicin resistance | resistance to RIF, with or without resistance
(RR) to other anti-TB drugs

1.2.4.Co infection

Co-infections are a cause of increased morbidity and death, and
the results of co-infections are often worse than those of single-
pathogen infections. Mtb infection reduces the immunological response
to HIV, hastening the progression from HIV infection to AIDS. People
with diabetes are also two to three times more likely to get TB than

those without diabetes [38,39].
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1.2.5. Target identification

Along with other significant challenges, the lack of novel
pharmacological targets, as well as the accompanying drop in the
number of anti-TB drugs in the therapeutic development pipeline, have
obstructed the development of new therapies [40]. These obstacles
persist, with one of the fundamental causes likely to be the permeability
of bacterial cell envelopes, and Mtb can produce alternate metabolic
pathways that circumvent drug targets [41]. Identifying new Mtb
targets that can be inhibited to effectively eliminate the current strains

is, therefore, a global effort.

1.2.6. Insufficient funding

TB, which mostly affects the poorest among the poor, is an
example of a condition that can significantly contribute to the sickness
poverty trap. The lack of funding for TB prevention, diagnosis,
treatment, and research is concerning. This is a major barrier to TB
research [42]. The lack of funding for TB drug discovery
and development has contributed to the epidemic's obstinate
persistence. This lack has also fostered conditions where drug-resistant
TB has grown and spread [43], emphasizing the relevance of academic-

private sector collaboration in anti-TB drug development.

In the context of these rising challenges in TB drug discovery
computer-aided drug design (CADD) offers a promising solution,
enabling researchers to decode interactions between therapeutic targets

and potential drugs.
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1.3. Computer Aided Drug Design (CADD)

Advancements in  computational methodologies have
transformed the area of drug design, providing a formidable arsenal of
tools known as in silico methods or computer-aided drug design and
discovery (CADD). It is an interdisciplinary area that combines
computational techniques with bioinformatics, cheminformatics, and
other theoretical disciplines to find and optimize potential drug
candidates. CADD methods include computational recognition of
promising drug targets, virtual screening of extensive chemical libraries
for potential drug candidates, additional optimization of candidate
compounds, and in silico evaluation of their potential toxicity and

bioavailability [44,45].

The conventional drug discovery and development process is
lengthy and difficult, with a high failure rate among new drugs in
clinical trials. To address these challenges, the pharmaceutical sector
frequently employs computer-aided drug design (CADD) methods to
enhance the drug discovery process. The general workflow of CADD in
drug discovery is illustrated in Fig. 1.3. CADD uses computer
algorithms and models to assist researchers in screening prospective
drug compounds, optimizing drug design, and understanding
molecular-level interactions, therefore expediting the new drug
development cycle and lowering costs and time [46]. As CADD
advances, researchers are investigating new trends, such as Artificial
Intelligence (AI), Machine Learning (ML), and Deep Learning (DL)
technologies for dealing with massive volumes of biological data

generated by combinatorial chemistry [47]. These strategies improve
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the potency and precision of drug discovery, indicating a hopeful future

in the quest for transformative drugs.

—mrmrm s Traditional Drug Discovery —-=-=-=+=+=-=-=-=- >

1-3 years 1-2 years 1-2 years 1-2 years 2-3years 1-2 years 4-6 years
Target Target Lead Pre-clinical Clinical
identification validation optimization tests trials

: [

| * Bioinformatics » Target * Cheminformatics * Molecular  « ApMET |

* Homology druggability ~ * Virtual dynamics prediction

| modeling * Tool compound  screening * QSAR + DMPK |

i‘ Reverse design * Molecular * QM/MM simulation *

. docking * Pharmacophore  dacking * Scaffold 4 Off-target |

| mapping * Pharmacophore  optimization  preiction |

. modeling * Free energy |

\II * Aland ML calculation |

A4

. Computer Aided Drug Design =« =+=+="=

Fig. 1.3. Schematic representation of traditional drug discovery vs.
CADD process

1.3.1. Types of CADD Techniques

CADD approaches are divided into two categories based on the
availability of the target protein's 3D structure: structure-based drug
design (SBDD) and ligand-based drug design (LBDD) [61]. SBDD
uses computational chemistry methods to find or develop novel
chemical compounds that potentially bind to the target, resulting in the
inhibition of the target protein. SBDD has been made possible by the
availability of 3D structures of therapeutically significant proteins,
which favour the discovery of binding cavities. The most prevalent
computational approaches used in SBDD are structure-based virtual
screening (SBVS), molecular docking, and molecular dynamics (MD)
simulation [62]. When 3D receptor information is unavailable, LBDD

i1s employed, which is based on knowledge of compounds that bind to
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the desired biological target. Some of the most useful LBDD
approaches are ligand-based virtual screening (LBVS), similarity
search, quantitative structure-activity relationship (QSAR) modelling,
and pharmacophore generation [63]. Fig. 1.4 shows the different types
of SBDD and LBDD methods.

Target
Identification
LBDD SBDD

CADD
QSAR PS]CE‘H?M VII’TU-B‘ Molec_u\ar
opping screening docking
ML Pharmacophore MD Pharmacophore
modelling modelling simulation modelling
Lead
Similarity optimization Fragment
analysis based design

Fig. 1.4. Schematic representation of CADD techniques

The CADD methods have been successful in identifying
numerous significant and innovative compounds since the 1970s,
including antibiotics and protease inhibitors. These computational
techniques were used in the development of several FDA-approved
drugs. This comprises but is not restricted to, Aliskiren (Renin
inhibitor), Boceprevir (protease inhibitor), Captopril (Angiotensin-
converting enzyme inhibitor), Dorzolamide (Carbonic anhydrase
inhibitor), Nelfinavir (HIV-1 protease inhibitors), Nolatrexed
(thymidylate synthase inhibitor), Oseltamivir (neuraminidase inhibitor),
Rupintrivir (rhinovirus 3C protease inhibitor), Saquinavir (HIV

protease inhibitor), Imatinib (Tyrosine-kinase inhibitor) and Zanamivir

13
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(Neuraminidase inhibitor) [64]. These fruitful findings unequivocally
show that CADD offers useful and realistic methods to assist medicinal
chemists and biologists in achieving their objectives of finding new
active and lead-like compounds while removing inactive, reactive,

and/or toxic ones.
1.3.2. Cheminformatics in Drug Discovery

Chemoinformatics is one of the growing and relevant fields of
drug discovery by which one may quickly solve chemical problems
with the assistance of computer techniques [48]. In 1998, Brown coined
the term "cheminformatics", introducing it as “The use of information
technology and management has become a critical part of the drug
discovery process. Cheminformatics is the mixing of information
resources to transform data into information, and information into
knowledge, for the intended purpose of making better decisions faster
in the area of drug lead identification and optimization” [49].
Chemoinformatics includes a wide range of computer tools for
organizing, mining, visualizing, and analyzing the variety and coverage
of the chemical space of compound collections. Because it considers
molecules as graphs and their descriptors with related features (mostly
physicochemical properties and biological activity), the ensemble of
graphs (set of molecules) and its descriptors constitutes a chemical
space in which the relationship between each compound must be

established. This is the fundamental notion of chemoinformatics [50].

Chemical descriptors utilised in compound diversity analysis,

compound activity prediction, and molecular data mining. Assessing
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the structural novelty of compound libraries is aided by diversity
analysis. Suppose the focus of a hit identification effort is to discover
novel compounds. In that case, selecting collections with chemically
diverse structures enhances the chance to identify new scaffolds that

could serve as leads or prototypes for a specific biological target [51].

Cheminformatics uses ligand resources such as pharmacophore
modelling, QSAR, molecular docking, and molecular dynamics (MD)
simulations to investigate and understand the function of chemical
systems. Pharmacophore modelling and QSAR study are mostly
utilized to develop new ligands based on descriptor calculations and
functional group substitutions [52]. Furthermore, the field of
cheminformatics is anticipated to become even more significant in the
future due to the growing emphasis on "Big Data", machine learning,
and artificial intelligence in both drug discovery and society at large

[53].
1.3.3.Molecular representations

Understanding the structure of molecules is one of the
fundamental aspects of cheminformatics. Chemical structures provide
critical information about the properties, behavior, and interactions of
molecules, making them essential for drug discovery and other
chemical applications. There are four ways to represent a molecule
structure in a machine-readable format: as a string, a connection table, a
collection of features like a fingerprint or a list of physical descriptors,
or, most recently, a machine learning-based representation [54]. Among

these string-based molecular representations, such as Simplified
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Molecular Input Line Entry Systems (SMILES), and International
Chemical Identifier (InChl) are commonly employed representations
for the exchange and storage of chemical structures [55]. Different

classes of molecular representations are shown in Fig. 1.5.

Molecular
representations
String or Chemical Feature- Computer
line table based learned
Registry Structure E.g. MDL E.g. Eg. VAE
system based molfile ECFP RNN, GNN

E.g. E.g. InChl,
CAS RN SMILES

Fig. 1.5. Summary of different types of molecular representation

1.3.4.Molecular descriptors

Molecular descriptors are mathematical representations of
structural or physicochemical properties of a molecule or a subset of a
molecule generated by well-defined computer algorithms [56].
Numerous current applications in CADD and chemoinformatics rely on
descriptor-based representations of molecules. These descriptors assist
various cheminformatics applications including QSAR generation for
ADMET (absorption, distribution, metabolism, excretion, and toxicity)

predictions, similarity and diversity analysis, drug-like and lead-like
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selection, substructure searching, chemical space navigation for drug
subspace selection [57,58]. Molecular descriptors are mainly classified
as 0D (zero-dimensional), 1D, 2D, 3D, and 4D descriptors as shown in

Table 1.3. Commonly used software for the generation of molecular

descriptors is also shown in Table 1.4.

Table 1.3. Molecular descriptor classifications and examples

Descriptor | Descriptor Type Example
Dimension
0D Atom number, atom | Molecular weight (MW), Logp
type, bonds and (partition coefficient)
functional groups
counts
1D Molecular properties | SMILES, Molecular formula
and physicochemical
parameters
2D Topological polar Molecular fingerprints (e.g.
surface area (TPSA) | Morgan Fingerprint (ECFP4))
and constitutional descriptors
(types and counts of atoms and
bonds)
3D Special properties of | Molecular shape descriptors ( e.g.
the molecule volume, surface area)
Pharmacophore features
4D Electrostatic Molecular dynamics descriptors,
potential descriptors | radius of gyration (Rg), solvent
with spatiotemporal | accessible surface area (SASA),
aspects Time-dependent properties (e.g.,
dynamic polar surface area
(dPSA), time-dependent dipole
moment

17
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Table 1.4. Commonly used software for the generation of molecular
descriptors

Software Description Availability

PaDEL It is used to calculate molecular Free
descriptors and fingerprints. The software | software
currently calculates 1444 1D, 2D
descriptors and 431 3D descriptors) and
12 types of fingerprints (total 16092 bits)

Dragon Dragon 6.0 is the latest version is used Commercial
for the calculation of molecular
descriptors. It calculates 4885 molecular

descriptors

PowerMV | It is Windows based software for Free
statistical analysis, molecular viewing, software
descriptor generation, and similarity
search

MOE It is a web-based tool for performing Commercial

SAR analysis and visualization. It
calculates over 300 topological, physical
properties, and structural descriptors

CDK CDK is a java based descriptor Free
calculation tool that calculates software
topological, geometrical, charge-based,
and constitutional descriptors

1.3.5.Databases in Drug Discovery

Chemical and molecular target databases are the cornerstone of
drug discovery, catalyzing the development of CADD tools to save
time and cost and to develop a hypothesis for the identification and
design of novel therapeutic compounds. In addition to the power of
computing, resources such as open-access and commercial organic
compounds, phytochemicals, experimental, investigational, and
approved drugs, compound targets, peptides, and metabolomic

databases have risen dramatically [54]. Utilizing these existing
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chemical and drug databases for CADD techniques such as virtual
screening speeds up the methods compared to designing a novel drug
because the substances in the databases have already been synthesized
(generally) and characterized [55]. Numerous databases are available
that are helpful for SBDD and LBDD techniques and can support the
most prevalent developments and applications, including virtual
screening, Small-molecule docking, target prediction, and ADMET
prediction. Databases are divided into various categories, such as

chemical and biological databases, based on the data they store [56].
1.3.5.1. Chemical Databases

Chemical databases are essential in cheminformatics because
they offer a vast collection of information about chemicals that
supports research, drug discovery, and other chemical-related
endeavors [59]. Chemical databases include atomic and molecular
information as well as encoded chemical structures. These databases
enable scientists to quickly acquire information on the molecule of
interest, as well as group and analyze various chemical compounds
based on their physicochemical features, structural, and biological
activities. Several chemical databases are available online, with a user-
friendly interface. The major chemical databases that are easily

accessible and frequently used are listed in Table 1.5.
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Table 1.5. The list of major chemical databases that are freely
accessible and widely used

Database

Description

Size

PubChem [60]

The world’s largest open source
repository that includes chemical
structures and their biological test
results

252M

ChEMBL [61]

ChEMBL is a manually curated
database of bioactive compounds
having drug-like properties

1.8M

ZINC-15 [62]

A free database of commercially
accessible chemicals for virtual
screening

230M

DrugBank [63]

Database providing

comprehensive data about drugs,
their mechanisms, interactions, and
targets

0.0065 M

BindingDB [64]

It is a small-molecule binding
affinity database

0.78 M

ChemDB [65]

The database provides data on
compounds, including predicted or
experimentally determined
physicochemical attributes

M

IMPPAT [66]

The most comprehensive database
on the phytochemicals of Indian
medicinal plants

0.017967M

Dr. Duke's
Phytochemical and
Ethnobotanical
Databases [67]

One of the world's leading
repository of ethnobotanical data

0.049788M

SuperNatural [68]

A freely accessible database of
natural products and their
derivatives

0.05M
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1.3.5.2. Protein Databases

Protein databases are a treasure trove of potential novel
therapeutic targets. They provide researchers with access to structural
and sequence information for tens of thousands of sequences from
various organisms [69]. These databases work as a backbone for
researchers, offering access to enormous amounts of protein-related
data. They can learn about the biological functions of various proteins,
their three-dimensional structures, and their amino acid sequences.
RCSB Protein Data Bank (PDB) is an excellent example of a protein
database since it is the principal database for 3D structures of biological
macromolecules established by X-ray crystallography and NMR [70].

The list of important protein databases are shown in Table 1.6.

Table 1.6. The list of major protein databases that are accessible online

Database | Description Web address

PDB A database providing three- https://www.rcsb.org/
dimensional structural data of
biological macromolecules

UniProt The world's best high-quality, https://www.uniprot.or
comprehensive, and publicly g/

available database for protein
sequence and functional
information

NCBI It is a compilation of sequences | https://www.ncbi.nlm.n
from various sources, including | ih.gov/protein
translations from annotated
coding sections in RefSeq,
GenBank, and TPA, as well as
data from PIR, SwissProt, PDB,
and PRF.
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PDBsum It is a pictorial database that https://www.ebi.ac.uk/t
offers an overview of the hornton-
contents of each 3D structure srv/databases/pdbsum/
deposited in the PDB

PDBbind PDBbind is a comprehensive https://www.pdbbind-
collection of experimentally plus.org.cn/

determined binding affinity data
(K4, Ki, and ICso) for protein-
ligand complexes stored in the
PDB

The Role of the chemical database is very important in CADD.
Data mining these massive chemical databases alongside biological
information is crucial to the development of novel therapeutic drugs
and offering insight into disease causes. Researchers can find novel
chemical motifs, new chemical insights, or possible drug targets by

examining patterns, trends, and relationships in the data.
1.3.6. Data mining of database

To identify unknown drugs that are similar to certain known
drugs and investigate the relationship between them and their biological
and chemical activities, the drug discovery methods employ data
mining techniques and cheminformatics. Particularly in the area of
chemical space mining, cheminformatics integrates the scientific
disciplines of computer science and chemistry [71]. Chemical space
refers to the collection of all feasible molecules or materials, including
all chemical databases. Additionally, as chemical "big" data from
combinatorial synthesis and high throughput screening (HTS) continues
to grow rapidly, machine learning has emerged as a crucial tool for

drug designers looking to mine chemical information from massive
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compound databases to generate drugs with significant biological
properties [51]. Data mining, also known as patterns analysis, is the
process of analyzing large data sets using tools like association,
clustering, segmentation, and classification to improve data
manipulation and help pharmaceutical companies reduce costs while

improving the quality of drug design and discovery methods [72].

Database mining approaches depend on the molecular
descriptors used to characterize a structure database [73]. There are
several data mining strategies accessible in cheminformatics.
Traditional methods include descriptor calculations, chemical similarity
searching, clustering (K-means and hierarchical), principal component
analysis (PCA), association rule mining, scaffold analysis, substructure
searching, and activity landscape modelling. Due to the rise of the
chemical big data age, ML-based methods like as classification,
regression, clustering, association rule mining, dimensionality
reduction, and neural networks have been deployed. These approaches
are utilized for popular cheminformatics applications in drug
development, such as virtual screening, QSAR, chemical space

exploration, activity cliff generation, and ADMET prediction [74].
1.3.7.Chemical Space and Its Relevance

A key idea in chemoinformatics, the concept of chemical space
has extensive conceptual and practical applicability in many chemistry
domains, including drug design and discovery. The multi-dimensional
descriptor space, or "chemical space", is the enormous collection of all

potential chemical compounds and their properties, including all known
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drug molecules and those that have yet to be discovered. The total
number of chemical space is predicted to be 10%, although only a
small portion of this chemical space has been explored yet [75,76]. The
constant increase in the number of molecules available highlights the
issue of how many compounds exist and which have the potential to
become drugs. Given the extensive chemical space, identifying the
regions most likely to contain biologically active compounds
commonly referred to as biologically relevant chemical space (BRCS)
poses a significant challenge for chemical biologists and drug
discoverers [77]. In order to identify BRCS and develop novel drugs,

we must effectively explore chemical space.

Various techniques, such as descriptor-based mapping,
dimensionality reduction (visualization method), fragment and scaffold
analysis, fingerprint comparison and similarity analysis, clustering, de
novo design, virtual screening, and landscape modelling, can be used to
explore chemical space [78]. Medicinal chemists are increasingly using
visual representations of the chemical space to better understand
chemical data. It is useful for examining the diversity of various data
sets, exploring the relationships between collections, and evaluating the
possibility of covering other regions in chemical space that have yet to

be explored.

Dimensionality reduction techniques are used in visualization
approaches to convert multi-dimensional data into 2D or 3D
representations with minimal information loss. Principal Component
Analysis (PCA), t-SNE, UMAP, and self-organizing map (SOM) are

some of the most widely used dimensionality reduction approaches.
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[79]. Chemical space visualization for drug discovery tasks using
cheminformatics techniques allows for the systematic classification of
approved drugs and databases annotated with biological activity to
define chemical spaces that are relevant to biology and medicine, as
well as the quantitative comparison of general screening collections.
Visualizing chemical space allows medicinal chemists and researchers
to explore the massive chemical space. Chemical space exploration aids
researchers in a number of ways, including lead optimization, drug-like
property optimization, understanding the structure-activity relationship

(SAR), ML, and predictive modelling [80].

1.4. Role Of CADD in Screening and Developing Novel Anti-TB
Drugs

Applying CADD has significantly increased the efficiency of
finding new anti-TB compounds, helped to understand their mechanism
of action, directed the structural optimization of lead compounds, and
raised expectations that it will help produce better outcomes [81]. The
use of SBDD in tuberculosis research has led to the discovery of
several antimycobacterial drugs that were previously clinically
evaluated, demonstrating their utility in the drug discovery and
development process [82,83]. Furthermore, LBDD has a lengthy
history, and despite the lack of protein structural information, many
candidates have already been identified [84-86]. Finding strong-cum-
druggable candidates in the current drug-development module is best
accomplished by combining cheminformatics and bioinformatics. With
the help of computational tools, we have an unparalleled chance to use

the data at hand to better understand the disease, identify the most
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promising drug and vaccine candidates, and create a clinically useful

toolbox for tracking and managing antibiotic resistance [87].

A K. Saxena et al., developed a QSAR model based on molecular
docking interactions to find new leads. With a strong correlation (rext =
0.851), this model predicts external datasets and can be applied to the
discovery of novel chemical entities (NCEs) and repurposed
medications for TB treatments [88]. The work of Gaurav Bhargava et
al., included molecular dynamic simulation studies of putative InhA
inhibitors that were virtually screened, docking studies, the
development of a 3D-QSAR model, and the development of a ligand-
based pharmacophore model. Future research into new InhA inhibitors
to treat drug-resistant tuberculosis may benefit from this work [89].
Eugene Megnassan and colleagues designed new potent pyrrolidine
carboxamide (PCAM) inhibitors of InhA using computational SBDD
[90]. Numerous studies have already identified that PCAM directly
inhibits InhA.

Vino Sundararajan et al., reviewed cutting-edge computational
tools and ML techniques that have been effectively used in biomedical
research and discussed their potential uses in the fight against TB [87].
Jiao Li et al., developed and validated a successful virtual screening
process using machine learning to repurpose existing drugs with anti-
Mtb effectiveness. [91]. Shovonlal Bhowmick et al., employed in-silico
and ML methodologies to explore novel anti-TB compounds from the
SelleckChem database against InhA [92]. Azeddine Ibrahimi et al.,
employed three distinct CADD methods, mutation effect modelling,
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virtual screening, and 3D-pharmacophore search to find direct InhA

inhibitors [31].
1.5. Scope of the present study

CADD approaches have become a viable tool for identifying
novel anti-TB drugs due to the challenges encountered in traditional TB
drug development. Multidrug resistance TB is a serious issue
worldwide it raises the urgent need for novel inhibitors with minimal
resistance. Researchers use both SBDD and LBDD approaches to
explore vast chemical space, which results in the discovery of potential
anti-TB drugs. Virtual screening, docking approaches, molecular
dynamics simulations, pharmacophore-based models, and sophisticated
methodologies, such as ML-based classification algorithms, are applied
in many areas of TB drug development. In this study, we attempted to
analyze and visualize the chemical space of Mtb inhibitors to enhance
our understanding of their diversity and extent of exploration.
Furthermore, we identified activity cliff generators by modelling Mtb
inhibitor activity landscapes. We have additionally screened the ZINC-
15 database to find InhA inhibitors. Finally, we developed an ML-
based QSAR model and screened molecules from Indian medicinal

plants for their potential against TB.

1.6. Objectives of the present study

Even in the 21% century, TB still affects almost one-third of the
world's population, making it one of the major infectious diseases.
Identifying anti-TB drugs is essential because of the prevalence of

tuberculosis worldwide and the rise of drug-resistant strains. Mtb is the
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most important member and major pathogen causing tuberculosis in
humans. Among Mtb drug targets, InhA is a clinically validated,
attractive, and well-researched target for developing new TB drugs.
Consequently, scientists primarily concentrate on this target in order to
discover new TB inhibitors. However, the development of a
tuberculosis free world is currently facing a few challenges including
multidrug drug resistance TB. The widespread use of CADD
techniques is facilitated in this context by the lack of funding for

tropical neglected diseases like tuberculosis.

Cheminformatics and CADD technologies are developing as key
tools, with many CADD methodologies being used in the rational drug
design field. Researchers used virtual screening techniques to screen a
large number of biologically active drugs against tuberculosis. Several
studies developed QSAR classification models for the screening
molecules against Mtb. Additionally, data mining and ML techniques
aid in uncovering hidden patterns in the chemical space of Mtb
inhibitors. Because MDR-TB has arisen as a serious threat among
tuberculosis patients worldwide, and traditional drug discovery hurdles
against tuberculosis drug development, it is vital to explore the
chemical space of tuberculosis utilizing diverse cheminformatics
methodologies. In this context we used CADD approaches with

cheminformatics tools:

o For the diversity analysis and similarity search of Mtb inhibitors

through the visualization of vast chemical space.
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To develop an activity landscape model for identifying activity

cliff generators in order to develop effective QSAR models.

To perform virtual screening of the ZINC-15 database to identify

potential Mtb inhibitors using molecular docking analysis.

To carry out molecular dynamics simulation and ADMET

analysis on selected screened molecules.

To build ML-based QSAR classification models with various

algorithms.

Using the best QSAR model, screen molecules from Indian

medicinal plants that exhibit anti-tubercular activity.
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Theoretical and methodological overview

2.1. Introduction

Because it is far faster to sketch a molecule on a computer than
to synthesise, purify, and characterise a molecule in a lab,
computational chemistry allows scientists to study a vast, diverse range
of chemical space. Computational chemistry is the use of computer
modeling and simulation to explore the structures and characteristics of
molecules and materials. This includes ab initio techniques based on
quantum chemistry and empirical approaches. Also called
cheminformatics, this field enables scientists to accurately analyze
quantum data sets too complex to study without the aid of
computational chemistry software [1]. Several computational chemistry
techniques are employed in drug design and discovery to compute and
predict events, including the drug's binding to its target and the

chemical properties needed to design potential drug candidate.

2.2. Molecular representation

Everyone who works with molecules, whether they are chemists
or not, must learn how to describe or represent molecules in a machine-
readable manner, as this is essential for computational chemistry. These
representations convert the chemical and structural data of molecules
into machine-readable forms that computer programs can process

effectively [2,3].

A molecular structure can be represented in one dimension
(1D), two dimensions (2D), or three dimensions (3D). Simple 1D
representation includes molecular formulas and nomenclature.

However, it is not enough to define a molecule. Thus, a molecular
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graph is a more effective 2D representation of a molecule. A graph is
typically made up of nodes that are connected together by edges.
Similarly, a 2D molecular graph describes a molecule's 2D topological
structure, with nodes/atoms connected by edges/bonds. This
representation is exemplified by MDL Information Systems, MDL SDF
(structure data file), Mol2, and others.

A molecular graph can be represented and communicated using
linear notation. At present, the Simplified Molecular-Input Line-Entry
System (SMILES) and the IUPAC Chemical Identifier (InChl) are the
most often used linear notations. The goal of the InChl is to give
chemical structures a unique, or canonical, identifier. In contrast,
SMILES strings are frequently used to store and exchange chemical
structures, but there is currently no standard to generate a canonical
SMILES string [4,5]. Cheminformatics programmers can utilise
SMILES to program databases, chemical data entry systems for
programs, and computerised mechanisms for the exchange of chemical
research. For example, the SMILES and InChl notations of isoniazid
are shown below.

SMILES - C1=CN=CC=C1C(=O)NN
InChI=1S/C6H7N30/c7-9-6(10)5-1-3-8-4-2-5/h1-4H,7H2,(H,9,10)

As the last few decades have shown, understanding how
molecules interact with their surroundings usually requires more than
just graph-oriented representations. A molecule's steric and electronic
characteristics are determined by the spatial arrangement of its atoms,
which create its three-dimensional structures or conformations. A 3D
depiction of a molecule illustrates how the atoms are geometrically

arranged in space. 3D molecule geometry has a significant impact on
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molecular binding, as evidenced by ligand-protein interactions and
packing in crystal structures [6]. The conversion from 2D to 3D
molecular representation entails capturing the structural complexity of
molecules. Standard file formats such as PDB, CIF, and Mol2 include

3D information on the substance.

2.3. Molecular modeling

Molecular modeling is the process of using computers to
simulate the behaviour of molecules in chemical or biological systems.
The fundamental idea is to make as accurate predictions about the
behaviour of chemical systems as possible by using approximate
mathematical models. Molecular modeling enables scientists to
visualise molecules using computers by numerically representing
molecular structures and simulating their behaviour using quantum and
classical physics equations. This allows them to find new lead
compounds for drugs or improve existing drugs in silico. The two
primary approaches to molecular modeling are molecular mechanics
(MM)) and quantum mechanics (QM) [7].

Molecular mechanics is an empirical approach for calculating
molecular parameters such as molecular geometry, strain energy, dipole
moment, and vibrational frequencies. MM simulates molecular systems
using classical mechanics. This approach is based on the atomic scale,
generally stated as the ball and spring model, and it is based on a series
of empirical equations that incorporate Hooke's and Coulomb's laws, as
well as Newton's second law to derive velocities [8]. This approach
works under the premise that the potential energy, which is dependent

on molecular geometry, can be used to define a molecular set of atoms.
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In molecular mechanics, force fields are used to compute the
potential energy of every system. The following force fields are
continuously applied: OPLS, SYBYL, TraPPE, UFF, CHARMM,
CFF/CVFF, DREIDING, ECEPP, GROMOS, MM3, MM4, MMFF,
MACROMODEL, AMBER, BMS, and others [9]. Bonded terms
(Ebonded) and non-bonded terms (Enon-bonded) are included in the
basic function form of force filed. The former comprises torsion angle
term (Edihedral), bonding stretching term (Ebond), angle bending term
(Eangle), and out-of-plane bending term (Eout-of-plane), while the
latter contains Van der Waals (EVdW) and electrostatic forces
(Eelectrostatic) [10].

The goal of quantum molecular modeling is to simulate
molecule behaviour at the quantum level. In QM, the Schrédinger
equation is solved to get the precise or approximate potential energy
surface of the molecule. However, because of the enormous amount of
computing involved, these methods are only applicable to very tiny
numbers of atoms and electrons. This approach employs density
functional theory, ab initio techniques, and semi-empirical techniques
[11]. Molecular modeling quickly grabbed the interest of Medicinal
Chemistry experts, given the relevance of molecular structure in
understanding the mechanism of action and developing bioactive drugs.
Even though molecular modeling is a broad field, the three most
popular computational modeling components - molecular docking, MD
simulation and ADMET modeling - have been essential in making it
simple to identify leads for experimental in vitro and in vivo testing

[12].
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2.4. Molecular descriptors

The physical and chemical properties of the molecules are
quantitatively described by the numerical values of molecular
descriptors. Molecular descriptors can be defined as “the final result of
a logical and mathematical procedure which transforms chemical
information encoded within a symbolic representation of a molecule
into a useful number or the result of some standardized experiment.”
They play an important role in pharmaceutical science, chemistry,
toxicology, environmental protection policy, health research,
ecotoxicology, and quality control [13]. Several criteria can be used to

classify molecular descriptors.

Classification based on the origin of descriptors

a) Experimental descriptors: experimental measurements,
including polarizability, log P, molar refractivity, dipole

moment, and additive physico-chemical properties in general.

b) Calculated or theoretical descriptors: These are obtained
from a symbol of the molecule and can be further categorised

based on the various kinds of molecular representations [14].

Classification based on the dimensionality of structure representation

a) OD-descriptors: constitutional descriptors, count descriptors.

b) 1D-descriptors: list of structural fragments, fingerprints.
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d)

2D-descriptors: also known as topological descriptors,
invariant properties are obtained from the molecular

connectivity graph.

3D-descriptors: Quantum-chemical descriptors, WHIM
descriptors, GETAWAY descriptors, sizes, steric, surface, and
volume descriptors, and 3D-MoRSE descriptors. Also known

as geometrical descriptors.

4D-descriptors: those obtained using the CoMFA or GRID

techniques, Volsurf.

Classification based on described object

a)

b)

Global descriptors: explaining the whole molecule, including
its topological indices, dipole moment, molecular volume, and

molecular surface, etc.

Local descriptors: describing specific atoms or molecular
fragments (including bond polarizabilities, atomic charges,

CATS, and ISIDA descriptors, etc.)

Field descriptors: describing the molecular fields
(electrostatic potentia, COMFA descriptors, etc.) that

surround the molecule.

Molecular structures are used to generate molecular descriptors.

Chemical structures can be downloaded from various databases like

ChEMBL, PubChem, Zinc, etc., or they can be drawn using programs

like ChemSketch, Chemcraft, etc. After that, the molecules were
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optimised with various computer programs. These optimized structures

were then entered into various descriptor-generation programs, such as
PaDEL, RDKit, Ochem, and others. By following these procedures, we

can produce hundreds of descriptors.

2.5. Molecular fingerprints

Molecular fingerprints are used to represent chemical features
(structural, physicochemical, etc.) of large-scale chemical sets at a
minimal computing cost. Molecular fingerprints are often represented
as bit strings, however in cheminformatics; any vector of numerical
values can be used as a fingerprint. Using these fingerprints, molecules
can be represented by noting their presence or absence, or by counting
the frequency of specific features or substructures, like labelled paths in
the 2D graph of bonds, being present [15]. In practice, the presence of
subgraph features in a molecular graph produces integer vectors, most
commonly binary (0,1) vectors, which combine to form the molecular
fingerprint. Molecular fingerprints are a powerful and widely used
method for similarity-based virtual screening [16]. Molecular

fingerprints are classified into the following groups:

2.5.1. Types of molecular fingerprints

a) Topological fingerprints
The linear paths of molecular features, typically atoms, up to a
specific number of connecting bonds are captured by
topological fingerprints. Examples include Topological

torsion, daylight fingerprints[17], and atom pairs [18].
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b)

d)

Structural keys

The presence (1) or absence (0) of predefined functional
groups, substructure motifs, or fragments is represented by
each distinct bit position in structural key fingerprints. Mini
Fingerprint (MFP), Barnard Chemistry Information (BCI)
fingerprints, PubChem, Molecular ACCess System (MACCS),
and SMlles Fingerprint (SMIFP) are examples [19].

Circular fingerprints

To generate circular fingerprints, the "circular" environment of
each atom up to certain "radius" or "diameter" is determined.
Common types of circular fingerprints include Molprint2D,
Molprint3D, extended-connectivity fingerprints (ECFPs), and
functional-class fingerprints (FCFPs) [16].

Pharmacophore fingerprints

Bit strings that encode the distances between sets of three (or
four) pharmacophoric points in a ligand structure are known as
pharmacophoric fingerprints. These distances are measured in
distance-binning at the 3D level and in bonds at the 2D level,
respectively. PharmPrint (3-point PP) and 4-point PP are two
popular varieties of pharmacophore fingerprint (PP) [20].

Hybrid fingerprints
Hybrid fingerprints consistently improve search performance
by combining preferred bit subsets from their parent

fingerprints and highlighting compound class-specific features
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during similarity searching. Unity 2D is an example of a

hybrid fingerprint [21].

2.6. Feature Selection Method

Quantitative structure-activity relationship (QSAR) modeling is
an alternate strategy for selecting lead molecules that uses information
from reference active and inactive compounds. This method
necessitates the use of high-quality molecular descriptors that
accurately reflect the molecular properties causing the pertinent
molecular activity. In modern QSAR analysis, feature selection plays a
crucial role [22]. Additionally, feature selection is essential to building
accurate and comprehensible prediction models. The risk of overfitting
may be decreased, and significant features with significant property
relationships in the data can be found. A model is said to be overfit if it
learns too much from the training data, including irrelevant information
(such as noise or outliers). Moreover, feature selection can lessen
multicollinearity in feature sets, or linearly correlated features, which
are frequently seen in molecular descriptors and can lead to unstable
model coefficients [23]. Numerous factors influence a QSAR model's
predictive ability. Various statistical techniques can assess whether a
data set exhibit linear or nonlinear behavior. Conversely, feature
selection methods are used to reduce the complexity of the model,
lower the risk of overfitting or overtraining, and choose the most
significant descriptors from the frequently over thousand computed
[24].

Various algorithms are used for feature selection and are

classified into three main categories: Filter, Wrapper, and Embedded
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methods [25]. The filter method ranks features according to how well
they correlate with the class in a variety of statistical tests. Features
that score higher than a predetermined threshold are chosen, while
those that score lower are eliminated. A subset of features can be
provided as an input to the selected classifier algorithm after it has been
chosen. Filter-based methods can be applied to a range of learning
algorithms and are computationally efficient [26]. Wrapper approaches
use greedy search algorithms to examine all potential feature
combinations and pick the one that delivers the best result for a certain
machine learning algorithm. However, because of the repeated
learning processes and cross-validation, they are computationally more
expensive than filter approaches [27]. Embedded approaches balance
computational economy and performance by integrating feature
selection with the model training procedure [28]. A list of examples

from these three groups is provided in Fig.2.1.

— Information Gain

— Chi-square Test

—|| Filter method }— ‘
Fisher’s Score
MissinéValue B

Ratio

Forward Selection

Backward |

— | Selection |
—{ Wrapper method /¢ —

| | | Exhaustive

Feature Selection |

Feature selection
I
|

Recursive Feature
Elimination

— Regularization ‘

[ Embedded || L=
—l method  Random Forest |

Importance

Fig. 2.1. Classification of feature selection methods
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2.7. Molecular similarity

The term "similarity" in chemistry describes the common
physicochemical properties, biological activity, composition, spatial
arrangement, structures, and functionalities of various chemical
compounds, biological systems, and macromolecular complexes,
among other things [29]. It is predicated on the idea that molecules with
similar structures frequently have similar physicochemical properties
and biological activities. Molecular fingerprints or molecular
descriptors represent the properties of small molecules and use bit
string comparisons to compute how similar they are. The concept of
molecular similarity is widely used in CADD. It can be used to replace
undesirable functional groups as well as to identify new active
compounds or compounds with particular properties (virtual screening)

[17,30].

2.7.1.Similarity metrics

In cheminformatics, quantifying the similarity between two
molecules is a fundamental idea and a common task. The
Tanimoto coefficient is the most widely used metric for comparing two
compounds' chemical distances or similarity when binary vectors
represent molecules with bits representing structural features' presence
or absence [31]. The Tanimoto coefficient is defined as the number of
bit sets in both individual bitstrings, normalized by the number of bit
sets in common. This corresponds to a score ranging from 0.0 to 1.0 for
no to perfect similarities. Equation 2.1 provides the formula for

calculating the Tanimoto similarity coefficient [32]:
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T(a,b) = — 2.1)

a+b—c

For the i and j molecules, the variables a and b stand for the
number of fragment bits, respectively, and c for the number of fragment
bits that are shared by both molecules. T=0, when there is no shared
property between two substances. The T value rises in proportion to the
amount of common properties between the two molecules. T=1
indicates that all characteristics between the two molecules are
precisely the same when two sets of properties are identical. This
means that every pair of molecules has a T similarity value that is

always between 0 and 1.
2.8.Diversity analysis

Evaluation of chemical diversity is essential in drug discovery
when it's important to explore new areas of the medicinally relevant
chemical space or to maintain the harmony between novelty and
diversity [33]. Molecular diversity and similarity metrics work in
tandem in chemoinformatics: Clustering methods on chemical
databases are based on molecular similarity, which offers a
straightforward and widely used method for virtual screening. Likewise
molecular diversity analysis underpins numerous strategies for
compound selection and design by examining how molecules cover a
specific structural space [34]. Physicochemical properties, structural
fingerprints, and molecular scaffolds are commonly used to assess the
diversity of the molecular libraries. Drug development and discovery
benefit greatly from chemical diversity because various molecules can

affect biological systems in different ways [35].
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2.9. Chemical space analysis

Chemical space is a broad conceptual framework with several
uses that deals with the diversity of molecules. Large and ultra-large
multidimensional chemical spaces are linked to the substantial rise in
the number of compounds that could be created and exist, as well as the
growing number of experimental and computational descriptors that are
emerging to encode the molecules' molecular structure and/or property
aspects. The chemical space covered by commercial, in-house, virtual,
and public compound collections has been analyzed and visualized for
various purposes, including diversity analysis, data mining, virtual
screening, library design, in silico property profiling, screening
campaign prioritization, and compound collection acquisition.
Chemical space visualisation techniques make it easy to project all
compounds into a lower-dimensional space that can be visually
analysed. Two important visualisation techniques are Principal

Components Analysis (PCA) and Self-organising Maps (SOMs) [36].

2.9.1. Principal Components Analysis

PCA reduces the number of dimensions in vast data sets to
principal components that preserve the majority of the original
information. It accomplishes this by reducing potentially correlated
variables to a smaller group of variables known as principal
components (PCs). PCs are new variables created by combining or
mixing the original variables linearly. PCA relies on linear algebraic
ideas such as Singular Value Decomposition (SVD), covariance
matrices, eigenvalues, and eigenvectors [37].

54




Theoretical and methodological overview

2.9.2.Self-Organizing Maps

SOMs, also known as Kohonen Map, is a sort of Artificial
Neural Network that was motivated by biological models of systems in
the brain from the 1970s. A Kohonen network may be utilised for
analysing data in high-dimensional domains by projecting it onto a
two-dimensional plane. This method, which was trained using an
unsupervised machine learning approach, is capable of classifying
various input types using data samples into cluster groups that share a
number of features in a neurobiological-type approach. SOMs have a
wide range of uses in cheminformatics research. SOMs cover a wide
range of drug discovery topics, including scaffold-hopping,
repurposing, and screening library design. Topology-preserving maps
of small molecules can be efficiently generated using SOMs, allowing
for the comparison of compounds and the evaluation of similarity.
Chemical occurrences are projected by SOMs into a two-dimensional
space from a multidimensional space (variables-molecular descriptors).
The relationship between objects' similarity is preserved in this

projection [38].

2.10. Activity landscape modeling

Activity landscape modeling is an effective technique for
analysing structure-activity relationships quantitatively. The activity
landscape is a structure-activity similarity (SAS) map that examines the
structural similarity and activity difference of compounds to find the
activity cliffs (ACs). In general, ACs are groups or pairs of structurally

similar substances that exhibit significant potency differences but are
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active against the same target [39]. ACs create discontinuities in the
SAR landscape, which can have significant effects on the performance
of lead optimization programs. In drug discovery, medicinal chemists
can benefit from the discontinuities indicated by the activity cliffs.
However, they also represent anomalies that could influence
computational techniques like the building of predictive models and the
choice of similarity search queries [40]. Details are provided in Chapter

4.
2.11. Virtual screening

Virtual screening is the most used approach in computer-aided
drug discovery development. It has been demonstrated to be the most
effective alternative for high-throughput screening. Virtual screening is
a set of computational approaches that analyze vast databases or
collections of substances to discover novel drug candidates against
disease targets [41]. Virtual screening of molecular databases with high
structural novelty could boost the probability of expanding the
medicinal chemistry relevant space. Machine learning (ML) techniques
have recently been investigated as ligand-based virtual screening tools
to aid in the discovery of new drug leads. When many actives and
inactives are known, which may occur after a high-throughput
screening round, pattern recognition or ML techniques can be applied
to develop a model that differentiates between the actives and inactives
[42]. There are two main categories of virtual screening techniques: (a)
ligand-based methods, which rely on the similarity of the compounds of

interest with active compounds; and (b) structure-based methods, which
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focus on the complementarity of the compounds of interest with the

target protein's binding site [43]. Fig.2.2 shows the different types of
ligand based and structure based VS.

3D Structure of
Target

Unknown Known

Ligand-Based Structure-Based
Methods Methods

Actives and inactives known

|
|
. . Protein Ligand
Machine learning Docking
Similarity methods
searching

Fig.2.2.Classification of ligand based and structure based virtual
screening

Actives known

Pharmacophore
mapping

2.12. Quantitative Structure Activity Relationship

The most effective VS technique is quantitative structure—
activity relationship (QSAR) analysis because of its quick and high
throughput and good hit rate. A QSAR is a mathematical model that
connects a quantitative numerical measure of chemical structure
(physicochemical property) to a biological effect or a physical property
(pharmacokinetic property) [44]. As an in silico technique, QSAR
modeling aids in prioritising a large number of chemicals according to
their desired biological activities, which greatly lowers the number of
candidate chemicals that need to be tested in vivo experiments.
Equation 2.2 shows how biological activity in QSAR is represented as

a function of these molecular descriptors [45].
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1D,2D or 3D Molecular representation

4

Molecular Descriptors generation

V4

Data pre-processing

N/

Mutivariate analysis/ Model construction

N/

Model evaluation

Fig. 2.3. A flowchart of the steps involved in developing a QSAR
model

Biological activity = f (molecular descriptors) + error (2.2)

The model built based on the biological activities of known
compounds is then used to predict the activity of unknown or novel
compounds. QSAR model development consists of two major steps: (i)
describing the molecular structure and (ii) performing multivariate
analysis to correlate molecular descriptors with  observed
activities/properties [46]. Fig. 2.3 displays a schematic representation

of the QSAR process.

2.12.1 Types of QSAR

Based on predictor variables, QSAR are divided into six classes. [23]:

1) 1D-QSAR: Molecular activity is correlated with molecular
parameters such as pKa, log P, and so on.
2) 2D-QSAR: Connecting structural 2D patterns, such as

connectivity indices and 2D pharmacophores, with activity.
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3) 3D-QSAR: Activity is correlated with non-covalent interaction
fields around the molecules.

4) 4D-QSAR: In 3D-QSAR, an ensemble of ligand configurations
is included as well.

5) 5D-QSAR: 4D-QSAR explicitly represents several induced-fit
models.

6) 6D-QSAR: additionally, using various solvation models in 5D-
QSAR.

2.13. Machine learning modeling

As chemical "big" data from combinatorial synthesis and HTS
continues to grow rapidly, ML has emerged as a crucial tool for drug
designers looking to mine chemical information from massive
compound databases and discover drugs with significant biological
properties [47]. ML methods are very useful in the field of QSAR to
develop prediction models from datasets of chemical compounds and
the corresponding biological activity. Three of the most popular forms
of ML are supervised Ilearning, unsupervised learning, and
reinforcement learning. These are further subdivided into
subcategories, which are shown in Fig. 2.4. Supervised learning
predicts future outcomes based on previously labelled data,
unsupervised learning finds patterns in data without labels to categorise
future outcomes, and reinforcement learning improves decision-making

over time through trial and error [48].
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Fig. 2.4. Types of machine learning

QSAR uses labeled datasets to train supervised learning models,
with the input features representing chemical structures and the output
labels denoting corresponding biological activities, toxicity, or other
properties. The development of QSAR prediction models is primarily
based on traditional machine learning algorithms like support vector
machines, neural networks, random forests, partial least squares
regression, and decision trees, as well as molecular descriptors or
fingerprints as characteristics of compounds [49,50]. We have

employed classification algorithms for QSAR modeling in this study.
2.13.1. Model Performance Evaluation

In ML, performance evaluation quantifies how well a trained
model performs on particular model evaluation metrics. We frequently
use metrics like accuracy, precision, recall, F1 score, and confusion

matrix to assess a classification model's performance. The percentage
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of all correct classifications, whether positive or negative, is known as

accuracy [51]. Precision indicates the proportion of predicted positive

cases that are actually positive. Recall represents the proportion of true

positives identified out of all positive instances. F1-score balances the

trade-off between precision and recall by combining them into a single

metric. They use the formulae provided in Equations 2.3 - 2.6. Fig. 2.5

illustrates the confusion matrix, which compares the predicted and

actual values for a dataset to evaluate the effectiveness of classification

models in machine learning.

TP+TN
Accuracy = —————
TP+TN+FP+FN
.. TP
Precision =
TP+FP
TP
Recall = ——
TP+FN
Precision x Recall
F1 Score = 2 X

Precision + Recall

2.3)

Q2.4)

(2.5)

2.6)
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PREDICTED LABEL

NEGATIVE POSITIVE

TRUE NEGATIVE
(TN)

NEGATIVE

TRUE LABEL

TRUE POSITIVE
(TP)

POSITIVE

Fig. 2.5. Confusion matrix
2.14. Molecular docking

Molecular docking is a method for predicting the type of
interactions and binding affinities that occur when a protein or
enzyme interacts with ligands or small molecules or when two or
more molecular structures fit together [52]. This structure-based
method necessitates a high-resolution three-dimensional representation
of the target protein, which can be acquired using methods such as
nuclear magnetic resonance spectroscopy, cryo-electron microscopy, or
X-ray crystallography [53]. Docking also needs that the ligand's 3D
structure be tested in order to predict its binding affinity to the target.
Selecting the most promising binding sites prior to molecular docking
is crucial for improving docking efficiency. In the drug design and

discovery process, docking technology is successfully used for three
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primary purposes: (1) predicting the binding mode of a known active
ligand, (2) predicting the binding affinities of allied compounds from a

known active ligands and (3) screening novel ligands using VS.

2.14.1. Theory of Docking

Two steps are taken to implement this prediction: In the first step,
the searching algorithm looks through the conformational space and
displays potential locations for the molecule to be coupled to the target;
in the second step, scoring determines the energy values required to
execute the coupling in each of the potential linking sites. The most
promising energy values for binding are believed to be the lower ones.
The experimental binding mode should ideally be reproducible through
sampling algorithms and should also be ranked highest among all

generated conformations by the scoring function [54].

2.14.2. Search / Sampling Algorithms

The search algorithm in any docking tool should generate an
optimal number of ways to combine two molecules. Typically, this is
accomplished by looking for every possible orientation of ligand
conformers that can "fit" one or more receptor-binding pockets. There
are numerous popular techniques for searching conformational space in
docking algorithms. Search techniques may be classified depending on
the flexibility of the ligand or receptor/protein during docking analysis.
Examples include Monte Carlo methods, systematic search methods,

random or stochastic methods, and simulation approaches [55].
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2.14.3. Scoring Functions

Scoring functions are mathematical calculations that estimate
the binding affinity of two molecules following docking. The scoring
function can be used to predict binding affinity, identify potential drug
leads for a specific protein target, and determine the ligand's binding
site and mode. The majority of docking software utilises one of three

scoring functions: force-field, empirical, or knowledge-based [56].

2.15. Molecular dynamics simulation

The best-docked protein-ligand complexes are commonly
evaluated by molecular dynamics (MD) simulations, which are crucial
to drug development, to validate their binding. This method helps to
reproduce real-time biological phenomena like macromolecular
dynamics on a computer platform, allowing us to comprehend the fold
and conformational changes in the protein-ligand complex [57]. In MD
simulations, molecular mechanics biomolecular force fields define the
forces between atoms and the system's potential energy. A force field is
the result of combining a mathematical formula with related factors to
explain a protein's energy as a function of its atomic coordinates.
Several force fields have been constructed for MD simulations,
including GROMOS, AMBER, OPLS-AA, and CHARMM [58].

The result of MD simulations called molecular dynamics
trajectories. A careful investigation of simulation trajectories is the first
step towards determining the parameters required for strong and stable
interactions. Common post-simulation assessments include root mean

square deviations (RMSD), root mean square fluctuations (RMSF),
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radius of gyration (Rg), solvent-accessible surface area (SASA), and

hydrogen bond [59]. Chapter 6 goes into further detail.

2.16. Software

2.16.1. Computational software

1. Gaussian 16

Gaussian is a computational chemistry software used for
modeling and molecular analysis. It was released in 1970 as Gaussian
70 by John Pople and his Carnegie-Mellon University research team.
Gaussian uses the fundamental laws of quantum mechanics to predict
the energies, molecular structures, vibrational frequencies, and
molecular properties of compounds and reactions in a variety of
chemical environments. Apart from molecular mechanics, Gaussian
provides a range of ab initio and semiempirical quantum chemistry
methods to predict molecular energies, structures, spectroscopic

information (such as NMR, IR, UV, and more), and much more [60].

2. Open Babel 2. 4.1

Open Babel is a chemical toolbox designed to communicate
with chemical data in multiple languages. It's a collaborative, open
project that lets anyone search, convert, analyse, or store data from
solid-state materials, biochemistry, chemistry, molecular modeling, or
related fields [61]. A solution to the proliferation of different chemical
file formats is offered by Open Babel. Since Open Babel 2.3 was
released, it has supported 111 different chemical file formats. This
program has been used to convert file types throughout this study.
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3. DataWarrior

DataWarrior is an open-source, interactive program for data
analysis and visualization that combines cutting-edge and tried-and-true
chemoinformatics methods in one setting [62]. DataWarrior has been
utilised by research teams in academia, government, and business since
it was made available to the public in 2014. DataWarrior enables
interactive exploration of chemical space, activity landscapes, and

activity cliffs.

4. PUMA

The Platform for Unified Molecular Analysis (PUMA)
incorporates metrics such as chemical space visualisation, scaffold
content, and chemical diversity analysis that are used to describe
compound databases [63]. The platform connects two publicly
available web resources: Activity Landscape Plotter, which examines
structure-activity correlations, and Consensus Diversity Plots, which
evaluates global diversity. In this work, we used PUMA to analyse the

chemical space of Mtb inhibitors.

5. AutoDockTools

AutoDockTools (ADT) is the graphical user interface for
configuring and running AutoDock. Researchers interested in
computational docking can use the AutoDock Tool, which combines a
free, open-source solution with accuracy in identifying the binding pose
of a small chemical in a corresponding receptor pocket [64].

Additionally, it can be helpful for generating grids, calculating
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hydrogen bonds, displaying secondary structure ribbons, and

computing molecular surfaces.

6. CB-Dock2

CB-Dock uses the cutting-edge docking program AutoDock
Vina to predict the binding regions of a given protein, computes the
centres and sizes using a curvature-based cavity detection technique,
and docks. The updated docking server, CB-Dock2, is a particularly
effective and user-friendly tool for the cheminformatics and
bioinformatics communities. It redesigned the input and output web
interfaces and included a highly automatic docking pipeline [65]. The
web server is freely available at https://cadd.labshare.cn/cb-dock?2/.

7. SiBioLead

SiBioLead is a virtual biocomputing platform designed for
molecular dynamic simulations and docking. SiBioLead uses the
simulation software = GROMACS. This web-based platform
operationalizes a group of technical steps, including preprocessing,
energy minimisation, equilibration, production dynamics, and trajectory

analysis. The web-tool is available at (https://sibiolead.com/).

8. Anaconda python

Anaconda is an open-source data science and artificial
intelligence distribution platform for Python and R programming
languages. Anaconda includes important Python packages, tools such
as Jupyter and RStudio, and the Conda package management. This

makes package management and deployment easier for data scientists,

67


https://cadd.labshare.cn/cb-dock2/
https://sibiolead.com/

Theoretical and methodological overview

machine learning experts, and scientific computing professionals. We

utilised Python and Jupyter Notebook for work analysis.

9. Google Colab

Google Colab, also known as Colaboratory, is a free cloud-
based platform that lets users write and run Python code together in a
Jupyter Notebook setting. Colab is an amazing platform for data
scientists to carry out ML and Deep Learning projects with cloud
storage. We used Google Colab to perform our ML-based QSAR

modeling and screening.

10. PaDEL-Descriptor

PaDEL-Descriptor is a software tool for computing molecular
descriptors and fingerprints [66]. The software presently calculates
1875 descriptors (1444 1D, 2D, and 431 3D descriptors) and 12 kinds
of fingerprints (a total of 16092 bits). The Chemistry Development Kit
is the primary tool used to calculate these fingerprints and descriptors
(RDKit). A set of machine learning and cheminformatics tools written

in Python and C++ is called the RDKit.

2.16.2. Visualization software

1. GaussView 6.1

Gaussview offers a graphical user interface for the Gaussian
software. It facilitates the creation of Gaussian input files, removes the
need for command line instructions by allowing the user to perform
Gaussian computations from a graphical interface, and aids in the

interpretation of Gaussian output.
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1. LIGPLOT

The LIGPLOT tool converts standard Protein Data Bank file
input into schematic 2-D representations of protein-ligand interactions
[67]. It is operated via an easy Java interface that allows plots to be
edited on-screen using mouse click-and-drag actions. The result is a
colour or black-and-white PostScript file that depicts intermolecular
interactions and their strengths, such as hydrogen bonds, hydrophobic
interactions, and atom accessibilities. LIGPLOT was utilised in this

investigation to visualise the docked ligand-protein complexes.

1. Discovery Studio Visualizer

BIOVIA Discovery Studio (BDS) Visualizer is a free molecular
modeling program with several features for viewing, sharing, and
analysing protein and small molecule data. The visualisation tools in
BDS are intended to assist researchers in comprehending and
communicating the results of molecular simulations, docking studies,
and other molecular investigations. We utilised this program to
visualize the protein-ligand complexes formed from the docking

analysis.

2.17. Computer power

All calculations in this thesis were performed on the following
computers: 1) Lenovo Thinkstation with processor Intel®Xeon® CPU
E5-2660 v3 @2.60 GHz and 32.0 GB RAM, 2) FUJITSU with
processor Intel®Xeon® CPU E5-2640 v4 @2.40 GHz and 32.0 GB
RAM, and 3) ASUS VivoBook with Windows 11 Intel(R) Core(TM)
17-8565U CPU @ 1.80GHz - 1.99 GHz, 64 bit operating system.
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3.1. Introduction

Mycobacterium tuberculosis (Mtb), the pathogen responsible
for tuberculosis (TB), is a major global health concern, causing
significant morbidity and mortality [1]. Despite decades of research and
efforts to combat TB, it remains a serious threat, with the emergence of
drug-resistant strains making treatment even more challenging [2, 3].
The urgency for novel tuberculosis drugs is crucial due to the escalating
drug resistance issue, requiring innovative treatments with distinct
mechanisms [4, 5]. The intricate Mtb biology and the difficulty of
finding effective drugs with minimal side effects complicate drug
development. Hence, persistent research and investment in new TB
treatments remain vital to confront this persistent worldwide health

emergency [6].

Mycobacterium tuberculosis possesses a distinctive cell wall
and a slow growth rate, rendering the development of effective drugs to
combat this bacterium a formidable challenge [7]. Many of the current
therapeutic agents for tuberculosis (TB) are designed to target specific
elements of the Mtb cell wall, such as mycolic acids or the
peptidoglycan layer. Their purpose is to disrupt the cell wall's integrity,
thereby impeding bacterial growth [8]. Alternatively, some drugs focus
on vital enzymes and pathways within Mtb's metabolism. e.g., they
may inhibit the folate biosynthesis pathway, the electron transport
chain, or the ATP synthase complex, consequently arresting energy
production and cell division [9—11]. Ongoing research actively explores
the creation of novel TB drugs, encompassing various compounds with

distinct mechanisms of action. This includes exploring inhibitors of

79



Chapter 3

essential enzymes, RNA polymerase, protein synthesis, and bacterial
respiration. Significantly, employing combination therapy involving
multiple drugs that target diverse elements is crucial for preventing the
emergence of drug-resistant strains and enhancing treatment outcomes

[12, 13].

Treating TB involves employing a combination of various drugs
to avert the emergence of drug-resistant strains [14, 15]. The primary
drugs used for TB treatment, referred to as first-line drugs, consist of
isoniazid, rifampin, ethambutol, and pyrazinamide. These drugs target
different aspects of Mtb's cell wall or metabolism. In instances of
ineffectiveness or resistance, second-line drugs are employed. These
drugs possess diverse mechanisms of action, enabling them to target the
bacterium through distinct pathways [16, 17]. Managing drug-resistant
TB (DR-TB) is notably more intricate, necessitating a blend of second-
line drugs. However, these drugs often exhibit reduced efficacy and
increased toxicity compared to the first-line counterparts [18, 19]. The
pursuit of novel and more potent TB treatment options constitutes an
active realm of research, with several innovative compounds under

exploration to confront the challenge of drug resistance.

The drug discovery process for new antitubercular treatments
has evolved with advancements in technology and the availability of
biological and chemical information. The recognition and validation of
targets, coupled with the use of high-throughput screening technology
and software innovations, have made computer-aided drug design
(CADD) an essential part of TB pharmaceutical research [20]. With the

rapid development of computational power, scientists are now
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exploring the vast chemical space, estimated to be around 10°° organic
molecules smaller than 500 Da, in search of scaffolds with medicinal
promise [21-23]. Moreover, the utilization of data mining techniques
within this chemical space may aid in the creation of predictive models
that are useful for predicting the activity of novel compounds. The
significance  of analyzing chemical space and employing
cheminformatic modeling is growing as the amount and complexity of
structural data for Mtb inhibitors rise, since these techniques help to
understand and anticipate how inhibitors and Mtb proteins interact. In
pursuit of this goal, medicinal chemists employ various computational
techniques for data mining and visualization, as well as machine
learning algorithms, which were initially developed for computer
science [24]. To arrange datasets and evaluate the chemical vicinity of
effective hits, conventional statistical and classification methods are
also applied [25-28]. Using these methodologies, researchers have
effectively characterized the chemical space of inhibitors targeting
numerous diseases or biological targets. An obvious example is the
work of Jose L. Medina-Franco and colleagues, who have recorded the
cheminformatic study of inhibitor chemical space across several
decades[29-36]. In the past few years, various computational analyses
of Mtb inhibitors have emerged. Nevertheless, comprehensive
cheminformatic investigations on the structural diversity and
distribution within the chemical space of Mtb inhibitors have been
lacking. Therefore, it is of utmost importance to Explore and navigate
the chemical space of clinically relevant inhibitors targeting Mtb. It
may allow for the examination and listing of compounds in the

chemical space of Mtb.
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In the current study, we conducted a thorough
chemoinformatics analysis of small molecules to characterize the
chemical space of Mtb-targeting compounds. To achieve this, we
utilized two types of Mtb inhibitors datasets. The first dataset was
obtained from the ChEMBL database [37], while the second was
gathered from the literature, specifically on the anti-tuberculosis
effectiveness of Indian medicinal herbs. Given the rising prevalence of
MDR-TB, we focused on investigating the chemical space of
compounds derived from Indian medicinal plants, which has shown
significant promise in the development of Mtb inhibitors. After
collecting the molecules from the literature, the structures were
downloaded from the PubChem database [38]. The study includes
determining physicochemical properties, structural fingerprint analysis,
molecular scaffold analysis, and ligand structural similarity analysis.
Since the FDA-approved drug database serves as a common reference
compound source in drug discovery campaigns, we conducted a
comparison between the chemical space of Mtb inhibitors with the
dataset comprising FDA-approved drugs and the Nutraceutical drugs
dataset sourced from "DrugBank". Insights gained from this chemical
space analysis will help to identify small molecule inhibitors for the

treatment of Mycobacterium tuberculosis.
3.2 Materials and Methods
3.2.1 Datasets and Data Curation

The compound datasets used in this study were given in Table

3.1. DataWarrior software [39] was used to retrieve the chemical
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structure and biological activity of the first dataset of Mtb inhibitors
from the ChEMBL 32 database. ChEMBL queries are possible with
DataWarrior. This data set named Mtbs, which included 2359
chemicals, was tested for Mtb inhibitory potency. In ChEMBL,
bioactivities are commonly listed using units such as Ki, Kd, ICso, and
ECso, along with assay details like cell line, organism, or tissue.
Nevertheless, in our study, we concentrated solely on Human Mtb
protein inhibitors.

The rising global prevalence of MDR-TB has drawn more
attention to the development of novel drugs that may effectively treat
MDR-TB and shorten the length of therapy. Consequently, there is an
urgent need to discover novel anti-tuberculosis drugs that are not only
safe and effective but also economically feasible. Medicinal plants have
provided significant hope in meeting these demands because they are a
proven template for the production of novel drugs [40, 41]. India is one
of the countries with a vast abundance of medicinal plants and
extensive traditional knowledge regarding the application of herbal
medicine to treat a variety of diseases [42, 43]. So, the second data set
consisted of data sourced from primary literature, published concerning
the anti-tuberculosis effectiveness of Indian medicinal herbs, which had
been meticulously extracted and compiled into a comprehensive list
through manual effort. The structures of molecules were subsequently
downloaded from the PubChem version 1.7.2 beta database. This
dataset we called Phytochemicals dataset which included 916
molecules.

To carry out cheminformatic analysis on compound datasets, it

is crucial to curate the data properly. We utilized the Microsoft Office
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Excel filter tool to accomplish this task. In chemical space analysis,
each compound must be unique and distinct. Therefore, we obtained
datasets from reliable sources such as ChEMBL and PubChem, which
contained SMILES representations of the chemical structures of the
compounds. We performed data curation by removing duplicate
compounds, compounds lacking activity information, and so on, based
on their SMILES. In cases where compounds had the same chemical
structure but conflicting bioactivity data, we retained the one with the
lowest activity value. Following data curation, we obtained datasets
comprising 1223 distinct molecules for Mtbs and 769 for
Phytochemicals.

Table 3.1. Data sets analyzed in this study.

Data sets source No. unique
compounds

Approved drugs DrugBank 1657

(Drugs)

Nutraceuticals DrugBank 103

Mtb inhibitors I ChEMBL 1223

(Mtbs)

Mtb inhibitors II PubChem 769

(Phytochemicals)

3.2.1.1. Reference Datasets

The datasets of Mtb inhibitors were compared to two reference
collections: 1657 Approved drugs and 103 Nutraceuticals obtained
from DrugBank version 5.1.10 [44]. Nutraceuticals are products that
contain bioactive compounds, such as vitamins, minerals, and plant-

based substances, that are derived from food sources and are thought to
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provide health benefits beyond basic nutrition. some studies suggest
that certain plant-based compounds, such as garlic, honey, and propolis,
may have antibacterial properties and could potentially be used as
adjuvant therapy in combination with antibiotics to enhance their
effectiveness and reduce the risk of resistance [45,46]. Exploring the
chemical space of the Mtb dataset and comparing it with the
nutraceutical dataset is beneficial for a few key reasons. It can help
identify nutraceuticals that may have anti-tuberculosis properties,
guiding the design of new drugs. Additionally, it may shed light on
how these nutraceuticals work against tuberculosis. This can open up
avenues for incorporating nutritional strategies into tuberculosis control
and help identify combinations of drugs and nutraceuticals that work
better together. In light of this, we selected the nutraceuticals as a
reference dataset. The study utilized four datasets of compounds:
(target in inhibitors set), Phytochemicals (target inhibitors set),

Nutraceuticals (reference dataset), and Drugs (reference dataset).
3.2.2. Molecular Representation

To accurately represent the vast chemical space, various criteria
have been developed to capture the unique structural features of
molecules. These include pharmaceutical-relevant PCP, different
designs of structural fingerprints, and molecular scaffolds. By using
these criteria, researchers can better understand and manipulate the
properties and behavior of molecules, allowing for the development of

new drugs.

85



Chapter 3

3.2.2.1 Physicochemical Properties

Physicochemical properties are important in chemical space
analysis because they provide a way to quantify and compare the
properties of different compounds [47]. By analyzing the
physicochemical properties of a set of compounds, researchers can
identify regions of chemical space where there may be clusters of
compounds with similar properties or where there may be gaps that
represent unexplored regions of chemical diversity. Our study focused
on six important molecular properties for drug discovery: hydrogen
bond donors (HBD), hydrogen-bond acceptors (HBA), partition
coefficient octanol/water (AlogP), molecular weight (MW), number of
rotatable bonds (RTB), and topological polar surface area (TPSA).
These properties were chosen because they capture the key aspects of
size (MW), flexibility (RTB), and molecular polarity. To analyze how
these properties are distributed, we used violin plots generated with the
Python data visualization library Seaborn version 0.11.2 [48] and also
calculated summary statistics. Additionally, we performed a principal
components analysis (PCA) using Python data analysis and the
modeling library Scikit-learn version 0.24.2 [49] to visualize the
chemical space based on these six physicochemical properties. This
allowed us to obtain a better knowledge of the connection between the
molecular properties and to compare compound collections for drug

discovery.

3.2.2.2 Structural Fingerprints
Molecular fingerprints have gained extensive utilization in drug

development and virtual screening to compare the similarity of
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compounds and identify potential drug candidates. They are easy to
compute, store, and manipulate, making them a convenient way to
represent large chemical databases [50]. There are several types of
molecular fingerprints available, each with its own strengths and
weaknesses. Three different molecular fingerprints were used to
calculate the intra-library similarity for all compound pairs within the
dataset: Molecular Access System (MACCS) keys (166-bit), Extended
Connectivity Fingerprints (ECFP), and PubChem fingerprints (881-bit).
The similarity coefficient for fingerprint comparison was the Tanimoto
index [51,52]. Cumulative distribution functions (CDF) were used to
analyze the distribution of the similarity values.

The Tanimoto similarity coefficient is calculated using the following

formula (Equation 1):

Fab) = ~p—¢ )

The variables a and b represent the number of fragment bits for the i
and j™ molecules, respectively, while ¢ denotes the count of shared
fragment bits between both molecules. T=0, when two compounds
don't share a single feature. As the number of shared features between
the two molecules increases, so does the corresponding T value. When
two sets of features are identical, as denoted by T=1, it means that all
features match exactly between the two molecules. As a result, the T

similarity value for every pair of molecules is in the range 0 and 1.
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3.2.2.3 Molecular Scaffolds

A molecular scaffold is the core structure of a molecule that
remains after the removal of its side chains and functional groups. It
represents the fundamental structural framework of a molecule and is
often used in drug discovery and chemical diversity analysis.
Molecular scaffolds can be used to identify structurally similar
compounds that share a common core structure, regardless of their
functional groups and side chains. This is useful in the design of new
drug candidates, where scaffolds with known biological activity can be
modified to optimize their pharmacological properties. The scaffold
framework was created by eliminating side chain terminals connected
to the ring structure. Murcko and Skeleton scaffolds were used for the
analysis. In the case of Murcko scaffolds, the approach involved the
removal of the exocyclic double bonds and a-attached atom led to the
scaffold generation [53]. Furthermore, the Murcko scaffold was utilized
to make a skeleton scaffold wherein the analysis only included the ring,

and the heteroatoms were replaced with carbon atoms.
3.2.3 Similarity Analysis

Similarity analysis is a typical approach used in chemistry to
analyze the structures of two or more molecules to assess their degree
of similarity. It is especially significant in drug discovery, as
discovering compounds with similar structures and features can lead to
the discovery of novel drugs. The comparison of similarity between the
two molecules was calculated by matching SkelSpheres descriptors

obtained from the molecular structures. This process was carried out
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using DataWarrior Version 5.5.0. This entailed developing a diverse set

of conformers.

3.2.4 Chemical Space Analysis

Chemical space analysis is an important part of drug
development that involves the exploration and characterization of the
wide chemical landscape of possible therapeutic compounds. The
chemical space is the multidimensional space of all conceivable
chemical compounds, which is expected to include billions of potential
therapeutic candidates. Chemical space analysis entails using computer
tools and methodologies to systematically explore, visualize, and
analyze this space in order to discover molecules with the necessary
pharmacological characteristics while minimizing the risk of hazardous
consequences. This method enables drug discovery scientists to build
and optimize therapeutic candidates by exploring new regions of
chemical space, predicting the features of molecules, and prioritizing
the most promising leads for further development. Chemical space
analysis is an essential component of modern drug discovery and has
substantially aided in the development of novel medicines for a wide
range of ailments [54]. The evaluation of chemical space involved the
analysis of scaffold, structural fingerprint, similarity, and various
physicochemical properties. These analysis were performed using
PUMA Version 1.0 [55], DataWarrior Version 5.5.0, Seaborn version
0.11.2, and Scikit-learn version 0.24.2 on a Windows 11 Intel(R)
Core(TM) 17-8565U CPU @ 1.80GHz 1.99 GHz, 64 bit OS system.
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3.3. Result and Discussion
3.3.1 Physicochemical Properties

Fig. 3.1., shows the distribution of the six pharmaceutically
relevant physicochemical properties described in Methods as violin
plots implemented in Seaborn 0.11.2. A violin plot is a hybrid of a box
plot and a kernel density plot that shows data peaks. It’s used to display
the distribution of numerical data. The white dot represents the median.
The interquartile range is represented by the broad grey bar in the
middle. The thin grey line shows the remainder of the distribution,
except for points deemed to be "outliers" using an interquartile range-
based method. To represent the data distribution shape, a kernel density
estimation is given on either side of the grey line. The wider areas of
the violin plot indicate a greater possibility that individuals in the
population will take on the given value, while the skinnier sections
indicate a lower probability. The statistical distribution of the six
estimated physicochemical properties is given in Table 3.2.

According to Fig. 3.1., the Phytochemicals dataset contains
more HBA, while Mtbs has HBA distribution similar to Drugs and
Nutraceuticals (i.e., a median of 4). The median and mean values of
Mtbs also show a distribution of HBD that is comparable to that of
Phytochemicals, but with a narrower spread, as evidenced by the
smaller standard deviation. In comparison to the Drugs, which
displayed a median of 2, the Nutraceuticals dataset has slightly more
HBD (i.e., a median of 3). Similarly, while the TPSA values for the
Drugs and Mtbs datasets are comparable, they are marginally higher

and lower than the Drugs for the Nutraceuticals and Phytochemicals
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datasets, respectively. These findings show that Mtbs and
Phytochemicals are generally less or comparable polar than approved
drugs.

Regarding ALogP as a measure of hydrophobicity, the Mtbs
and Phytochemicals datasets have comparable values with Drugs while
the Nutraceuticals dataset has a slightly lower value than other datasets.
As per compound flexibility, measured by RTB, all three datasets were
comparable to the Drugs. This finding suggests that the substances in
these datasets are as flexible as the drugs in the drug dataset. The Mtbs
MW violin plot is relatively short, indicating that compounds in this
dataset have a limited MW range. Short boxes show that their data
points tend to hover towards the middle values.

As calculated by Seaborn, none of the distributions had a
normal distribution. Furthermore, two quantitative statistical tests
derived from seaborn, namely skewness and excess kurtosis, can be
employed to assess the alterations in normality of the distribution
within each dataset. Skewness is a measure of asymmetry or the
deviation of the distribution of a given random variable from a
symmetric distribution. The peakedness of the distribution is measured
by kurtosis. A normal distribution has skewness and excess kurtosis of
zero, thus if the distribution is close to those values, it is probably
normal. Negative skewness values denote a left-skewed distribution,
whereas positive values indicate a right-skewed distribution of the data.
Negative kurtosis indicates a "light-tailed" distribution with fewer
outliers, whereas a positive kurtosis indicates a distribution that is
"heavy-tailed" and has more outliers. According to West et al. (1996), a

significant deviation from normality is defined as an absolute skew
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value greater than 2.1 and an absolute kurtosis (proper) value greater
than 7 [56]. Subtraction of three from the proper kurtosis value yields
the "excess" kurtosis. In this study, the majority of the dataset displays
moderate skewness. That is, the skewness ranges between -1 and 2. In
the majority of the instances, a kurtosis value of less than 5 implies that
the distribution has shorter tails and is thinner than a normal
distribution, which could indicate a lack of outliers. In light of Table
3.2 and Fig. 3.1, we can conclude that none of the datasets adhere to the
assumption of normality. The Drugs and Nutraceuticals datasets display
a more pronounced deviation from normality as evidenced by their
skewness and kurtosis value. This deviation is even more significant
than the range suggested by West et al.

Table 3.2. Statistical summaries of the distribution of each dataset

MW RTB
2 : R3] .
Statistics &b 2 = % ) B8 = g
= = 8 < = = 3 <
8 = g g a8 =2 g 2
5 = = =
z = z =

Mean 35930 38258 310.64 29244 575 5.60 6.49 4.69
Median 331.06 37420 241.13 272.18 5.00 5.00 4.00 4.00
Variance 27884.53 6279.50 51112.29 16760.39 20.86  5.22 48.35 11.79
Stddev 16699 79.24  226.08 12946 457 2.29 6.95 343
min 46.04 134.05 75.03 5804  0.00 0.00 0.00 0.00
max 1549.71 82241 1354.57 709.16  40.00 13.00 44.00 17.00
Range 1503.67 68835 1279.54  651.12  40.00 13.00  44.00 17.00

Q1 257.11  329.19 151.59 188.09  3.00 4.00 2.00 2.00
Q3 42420 438.14 400.33 386.14 8.00 7.00 8.50 6.00
IntRange 167.09 10895 24874 198.04 5.00 3.00 6.50 4.00
Skewness 1.74 047 216 0.60 2.13 0.65 2.66 1.40
Kurtosis  5.56 137 591 -0.39 8.85 042 9.44 1.64
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Statistics HBA HBD

Mean 5.16 474  6.18 2.63 2.12 1.37 3.16 1.86
Median  4.00 400 4.00 2.00 2.00 1.00 3.00 1.00
Variance 1437 428 2794 7.92 4.64 0.98 7.03 5.79
Stddev 3.79 207 529 2.81 2.15 0.99 2.65 241
min 0.00 0.00  0.00 0.00 0.00 0.00 0.00 0.00

max 30.00  12.00 28.00 20.00 17.00  6.00 15.00 12.00
Range 30.00 12.00 28.00 20.00 17.00  6.00 15.00 12.00

Q1 300 300 3.00 1.00 1.00 100 2.00 0.00
Q3 700 600 8.00 400 300 200 400 2.00
IntRange 400  3.00 5.00 300 2.00 100 2.00 2.00
Skewness 198 063 195 165 263 069 197 1.92
Kurtosis 6.13 026 4.19 334 1075 078 558 3.70
Statistics TPSA ALogP

Mean 89.96  86.06 110.98 66.08  -0.12 0.32 -1.00 0.30
Median  75.15 7990 88.77 50.60  0.01 0.22 -1.35 0.36
Variance 4399.02 1117.16 7643.70  3781.64 3.70 2.92 9.35 432

Stddeyv 6633 3342 8743 61.50 1.92 1.71 3.06 2.08
min 0.00 648  0.00 0.00 -1090 435 -1006  -6.25
max 56345 22560 48544 321.66 9.87 487 12.63 9.61
Range 56345 219.12 48544 321,66 20.77 923 22.69 15.86

Q1 46.25 6299 5148 2023 -1.13 -1.01 245 -0.98
Q3 11343  107.04 137945 86.99 1.10 1.64 -0.27 1.67
IntRange 67.18  44.05 8647 66.76 224 2.65 2.18 2.65
Skewness 2.20 071 192 1.66 -0.81 0.02 1.34 0.15
Kurtosis  8.11 072 452 3.15 4.03 -0.72 520 143
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Fig. 3.1. Violin plots of the distribution of six physicochemical
properties for the datasets.
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Six molecular properties were used to calculate a pairwise
comparison of the inter- and intra-distances of dataset compounds using
the Euclidean distance. The concept behind this is that when two
objects are separated by a greater distance, they are said to be
dissimilar, and when they are separated by a smaller distance, they are
said to be similar or closer [57]. The most commonly used distance
measure is the Euclidean distance, which is the square root of the total
of all squared distances between related data points. Fig. 3.2 shows a
distance matrix obtained from the mean inter and intra-database
Euclidean distance measurements. The matrix is coloured from grey
(low values) to red (high values).

According to these values, the highest inter-distance was found
between Nutraceuticals and Phytochemicals datasets, followed by
Nutraceuticals and Drugs, and finally between Nutraceuticals and
Mtbs. Furthermore, based on the calculated molecular properties, the
Nutraceuticals, and Mtbs datasets had the highest and lowest intra-
distance diversity, respectively. This result suggests that the Mtbs
dataset is less diverse than other datasets. It's interesting to observe that
the Drugs dataset and the Mtbs dataset have the smallest inter-dataset
distance, indicating that the two datasets share some database

properties.
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Fig. 3.2. Euclidean distance correlation matrix of datasets created based
on six physicochemical properties of pharmaceutical relevance.

3.3.1.1 Visual representation of the property space

A principal component analysis (PCA) was performed on the
six physicochemical properties. PCA is a statistical method that reduces
the dimensionality of a dataset while retaining most of the variability in
the data by identifying patterns and correlations among variables [58].
The summary of the covariance percentages for the first four principal
components (PCs) are given in Table 3.3. These findings reveal that
2D and 3D PCA plots are suitable visual representations of the property
space created for these libraries, with the first two PCs retrieving
80.12% of the variation and the first three PCs capturing 89.71% of the
variation. In addition, Table 3.3, summarizes the loading values of
each property for the first four PCs of the four datasets. For the first

PC, ALogP had the highest positive loading and TPSA had the highest
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negative loading. HBD was the property with the highest positive
contribution to the second PC and ALogP had the highest negative
contribution, and RTB was the property with the highest positive
contribution to the third PC while ALogP had the highest negative
contribution.

The 3D and 2D representations of the chemical space scatter
plot of the distribution of the six PCP descriptors computed for two sets
of Mtb inhibitors (Mtbs and Phytochemicals), as well as two reference
datasets (Drugs and Nutraceuticals are shown in Figs. 3.3 and 3.4. As
anticipated, the visual representation of the chemical space illustrates
that the Drugs (Fig. 3.4.(A)), and Nutraceuticals (Fig. 3.4.(C)) occupy
a broad expanse within the property space. This could be a result of two
datasets being taken from DrugBank and also having different varieties
of structures. Comparable findings have been derived from the
aforementioned studies when comparing the property space of
Nutraceuticals to that of currently approved drugs. In contrast, the Mtbs
covers a more limited area of the space that exists within the property
space of the remaining three databases. The compounds in the
Phytochemicals dataset also cover a broad area of the property space.
Besides that, most of the compounds of this dataset adhere to the
property space of the drug database, although a few fall outside of this
range. Furthermore, it has been noted that some of the compounds in
the Phytochemicals and Nutraceuticals datasets inhabit portions of the
chemical space covered by the Mtb dataset. This finding suggests that
some compounds derived from nutraceuticals and phytochemicals may
have mtb inhibitory activity. The region with higher population density
is also occupied by the Drugs and Mtbs dataset. Within the Mtbs
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dataset, molecules (data points) expand a wide range of scores along
PC1 (x-axis). As noted previously, ALogP is the property that
contributes the most to PC1. This aligns with the observations of the
distinct distributions of these properties among Mtbs compounds (Fig.
3.1). However keep in mind that the visual representation of the
chemical space offers only an approximate representation, which is
comprehensively represented by the six PCP.

Combining the distribution of the physicochemical properties
with the visual representation of the property space, it is possible to
draw the general conclusion that all the datasets examined in this study
share a resemblance to the property space occupied by drugs.
Consequently, this similarity opens the door for further research into
these datasets to discover novel compounds with potential therapeutic
applications. Moreover, the analysis reveals that certain compounds
within the Phytochemical dataset and Nutraceutical dataset occupy
areas of the chemical space that remain unexplored by existing drugs.
These compounds hold promise for application in virtual screening for
therapeutic targets that remain unexplored in terms of biologically
active molecules.

Table 3.3. Loadings for the first four principal components (PCs) of the
property space of the four datasets.

PCl1 PC2 PC3 PC4
Cumulative eigenvalue (%)  62.59 80.12 89.71 95.13
MW -0.393 -0.493 -0.273 0.35
TPSA -0.479 0.109 -0.28 -0.058
RTB -0.317 -0.562 0.645 -0.382
HBD -0.424 0.326 -0.252 -0.678
HBA -0.478 -0.008 -0.107 0.398
ALogP 0.326 -0.569 -0.597 -0.332
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Fig. 3.3. The 3D visual representation of the property space of four
datasets produced by principal component analysis (PCA) of six PCP.

Fig. 3.4. The 2D visual representations of the property space (A)
Drugs, (B) Mtbs, (C) Nutraceuticals, and (D) Phytochemicals in the
form of PCA plot produced using six PCP.
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The examination of the PCP distribution and a visual
representation of the chemical space through pharmaceutically relevant
features are both significant, but they do not directly yield insights into
the specific molecular structure of Mtb inhibitors. The following

section discusses the structural properties of Mtb inhibitors.

3.3.2 Fingerprint Diversity

Structural fingerprints allowed for the comparison of datasets
based on atom connectivity and chemical structures. It is accomplished
by transforming these molecules into a series of binary bits, enabling
convenient comparisons between molecules. To assess the extent of
structural variability, encompassing side chains, within the datasets,
three types of binary molecular fingerprints were used, including
extended connectivity fingerprints (ECFP), 166-bit MACCS keys, and
881-bit PubChem. The Tanimoto similarity coefficient was used to
calculate structural similarity and generate a similarity matrix. Random
samples of 5000 similarity values off the diagonal were extracted for
each similarity matrix to compute various statistical metrics including
the mean, median, interquartile range, and standard deviation. After
that, a CDF analysis was carried out. The CDF of the pairwise intraset
similarity is shown in Fig. 3.5. These values were computed with the
Tanimoto coefficient and three different fingerprints, and summarizes
representative statistics of the distributions in Table 3.4.

The findings reveal variations in the degree of similarity values

across distinct fingerprint representations. In terms of mean similarity
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values, PubChem fingerprints exhibited the highest similarity values
ranging from 0.28 to 0.47 across various compound databases studied.
Following this, MACCS keys exhibited mean similarity ranging from
0.30 to 0.42, and ECFP4 showed the lowest values with mean
similarity ranging from 0.08 to 0.12. In other words, the relative
ranking of the similarity values for a given dataset followed the order
PubChem > MACCS > ECFP4. This outcome underscores that ECFP4
exhibits the lowest similarity values among the three evaluated
fingerprints, indicating their heightened resolution. Nevertheless, due to
its consistent similarity values across datasets, ECFP4 is ineffective for
identifying and classifying datasets based on structural diversity.

According to the mean of the PubChem keys/Tanimoto, the
Nutraceuticals data set exhibited the highest level of intra-set similarity
within the set, with a mean similarity value of 0.286, followed by
Drugs with a mean similarity value of 0.344. This observation could
arise from the diverse molecular targets covered by the Nutraceuticals
and Drugs datasets collected from DrugBank, where each target
possesses its distinct mechanism of action, leading to potential
variations in ligand structures. Importantly, there was no apparent
correlation noted between the size of the data sets and their structural
diversity. Even though the Nutraceuticals dataset has fewer molecules
(103) than other data sets, it is more diverse.

Remarkably, the Mtbs data set exhibited the highest intra-set
similarity value across all types of fingerprints. The median similarity
values were recorded as 0.108, 0.468, and 0.426 for ECFP4, PubChem,
and MAACS key fingerprints, respectively. In other words, when

compared to all other datasets, this dataset had the least structural
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diversity. Moreover, the similarity values distributions indicated that
Phytochemical compounds generally possess greater structural
diversity than compounds within the Mtbs dataset. The distinct lack of
diversity of Mtbs is evident from the CDF versus similarity plot
generated from fingerprints, where its curve is notably separate from
the others by being distinctly shifted to the right. These findings imply
the necessity to generate novel chemical structures as inhibitors of Mtb
by exploring a broader chemical space, thus presenting ample
opportunities for enhancing novelty. This result also shows that the
Phytochemicals dataset could offer a more innovative scaffold with the

potential for favorable Mtb inhibitory potency in in-vitro testing.

CDF

Similarity

A Drugs — Mtbs — Nutraceuticals — Phytochemicals
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Fig. 3.5. CDF of pairwise Tanimoto similarity values calculated for all
datasets (A) ECFP4, (B) MAACS, and (C) PubChem key fingerprints.
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Table 3.4. Pairwise similarity distribution statistics calculated using
three fingerprints and the Tanimoto coefficient.

+

B

= >

& 5 = .§ = = 8

gn 8 g < IS s o4 % -
S % k=

= 5 = — = = on = %

ECFP4 Drugs 0.00 0.06 0.08 0.08 0.10 1.00 0.04
Mtbs 0.00 0.08 0.10 0.11 0.13 1.00 0.07
Nutra 0.00 0.05 0.08 0.10 0.11 1.00 0.09
Phyto
chem 0.00 0.04 0.07 0.08 0.10 1.00 0.06
PubChem Drugs 0.00 0.22 034 034 045 1.00 0.15
Mtbs 0.06 039 046 046 054 1.00 0.13
Nutra 0.03 0.17 0.24 0.28 036 1.00 0.16
Phyto
chem 0.01 0.19 030 034 046 1.00 0.19
MACCS  Drugs 0.00 0.22 031 031 040 1.00 0.13
Mtbs 0.04 031 042 042 052 1.00 0.14
Nutra 0.00 0.21 0.29 031 039 1.00 0.15
Phyto
chem 0.00 0.16 0.27 030 041 1.00 0.18

3.3.3 Scaffold Diversity

A common method for evaluating and comparing the structural
diversity of chemical libraries is the use of scaffolds, which capture the
core molecular framework of a molecule. In this study, we used Bemis
Murcko's scaffold definition to calculate the molecular scaffolds within
the Mtbs and Phytochemicals datasets. Here the scaffold is represented
by all the ring systems and their connecting linkers. The 1223 known
structures from the Mtbs dataset were grouped into 543 unique
scaffolds by the Murcko scaffold analysis and the 769 known structures

from the phytochemical dataset were grouped into 350 distinct
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scaffolds. The scaffolds and their associated frequencies are depicted in
Fig. 6A, B. According to the Mtbs and phytochemicals datasets'
Murcko scaffold analyses, the scaffolds with the greatest frequencies
are 47 and 59, respectively. The Murcko skeletal scaffold was created
afterward, yielding 225 datasets for phytochemicals and 425 datasets
for Mtbs. Within the Mtbs and phytochemical datasets, respectively,
the skeleton scaffold analysis identified scaffolds with the highest
frequency at 55 and 114. The scaffold diversity is determined by
dividing the number of scaffolds by the total number of molecules [59].
A limited representation is suggested by the diversity analysis of the
Murcko, Skeleton, and Singleton scaffold [60, 61] in Mtb inhibitors
space (Table 3.5.).

Table 3.5. Comparative Analysis of the Scaffold Diversity of Mtbs and
Phytochemicals Libraries.

dataset N Nc Ns Nisc Nsc/N Nc/N Ns/N Ns/Nc

Mtbs 1223 543 420 425 035 044 034 0.77
Phytochemicals 769 350 259 225 0.29 045 033 0.74

N: total number of molecules in Mtbs and Phytochemical datasets; Nc:
murcko scaffold; Ns: singleton scaffold, Nsc: skeleton scaffold; Nse/N:
the ratio of skeleton scaffolds (Nsc) to that of total number of molecules
(N);  Nc/N: ratio of Murcko scaffolds (N¢) and total number of
molecules (N); (Ns/N): the ratio of singleton Murcko scaffolds and total
number molecules (N); and (Ns/Nc): the ratio of singleton murcko

scaffolds (Ns) to murcko scaffolds (Nc)
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3.3.3.1 Scaffolds content in the databases

The 3-phenacyl-5-phenylimidazolidine-2,4-dione system is the
most common scaffold in the Mtb inhibitor's chemical space, with 47
compounds, followed by the 1-cyclohexyl-5-oxo-N-phenylpyrrolidine-
3-carboxamide system, which has 32 compounds. As evidenced by the
enormous number of bioactive compounds presently available, the use
of heterocyclic scaffolds, many of which incorporate nitrogen, is
becoming increasingly significant in the production of therapeutically
active pharmaceuticals. Several recent studies showed that
imidazolidine and pyrrolidine derivatives have a variety of interesting
pharmacological effects on antibacterial strains[62—65]. Due to the fast
development of drug resistance, the search for novel antituberculosis
drugs is still continuing. In this context, imidazolidine and pyrrolidine
derivatives may emerge as a novel class of antimicrobial medicines
with low resistance. The benzene ring is the most common scaffold in
the Phytochemicals chemical space, accounting for 59 molecules,
followed by the cyclohexene system with 17 compounds. However, a
basic cyclic system such as benzene plays no role here. Following
cyclohexene, the most common scaffold is flavone with frequency 16.
Several studies have shown that flavone was the class of flavonoids
with substantial antimycobacterial action. Flavones are gaining
importance due to their broad biological value and possible therapeutic
applications. These flavones are found in several Indian medicinal
plants, like Acalypha indica, Allium cepa, Allium sativum, Adhatoda
vasica, and Aloe vera. These plants have been tested for

antimycobacterial activity. All had effective antimycobacterial action
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[66,67]. Furthermore, literature review suggests that more than 100
flavonoids extracted from diverse plants display antimycobacterial,
mainly antitubercular, activities. Among them, quercetin, rutin,
apigenin, and catechin show significant anti-tuberculosis activity,
making them promising candidates for future in vivo studies. Recent
research has investigated the feasibility of synthesizing hybrid systems
with antibacterial properties using the sol-gel route, which includes
silica, polyethylene glycol, and quercetin. Similarly, caffeic acid, a
major nutritional antioxidant from the flavonoid family, exhibits
comparable potential[68—70]. As a result, in this era of rising drug
resistance, compounds derived from Indian plants provide hope for the
development of novel drugs with minimal resistance. By doing
additional computational and experimental methods, the favored
scaffolds discovered in both datasets from this study might be used as a

starting point for the rational design of novel Mtb inhibitors.
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Fig. 3.6. Most favourable scaffold identified in the datasets (A) Mtbs
(B) Phytochemicals. For each scaffold, the frequency is indicated in
different colours.

3.3.4 similarity analysis

Drug discovery makes extensive use of the concept of
similarity, where molecules may be classified based on their biological
effects or physical characteristics [61]. Here we analyzed the similarity
between the molecules in Mtbs and Phytochemicals datasets. The
Rubberbanding Scaling Forcefield (RSF) approach to structural
similarity calculation analysis is useful for understanding the chemical
space of Mtb inhibitors. The chemical bonds are stretched, twisted, and
snapped back to their original position using this approach. Compared

to conventional PCA-based techniques, the RSF methodology enhances
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similarity analysis. The structural descriptors produced from the three-
dimensional structure of the molecules are employed to quantify the
similarity of molecules. In our study, we created a SkelSpheres
descriptor and used it to find similar molecules in Mtbs and
Phytochemical datasets. Taking stereochemistry into account, the
SkelSpheres descriptor counted the duplicate fragments and encoded
the heteroatoms by computing similarity using this particular
descriptor.

The Mtbs dataset generated 2587 pairs with a 99% similarity thr
eshold, while the Phytochemicals dataset generated 1098 pairs with a 9
9% similarity threshold. The structure similarity chart (SkelSpheres) is
shown in Fig. 3.7., where molecules with a high degree of similarity
are linked together by lines and colored according to how similar their
structures are. According to their structural characteristics, the majority
of the chemical scaffolds in the Mtbs dataset are grouped together,
which suggests that there is less chemical diversity in Mtbs than there
is in the Phytochemicals dataset. Some structurally similar molecules in
both datasets are shown in Fig. 3.8. A careful investigation of the
similarity space of structurally similar compounds may reveal
significant redundancy in the collection of chemical molecules against
Mtb targets. In addition, spontaneous mutations may give resistance to
several structurally related drugs in M. tuberculosis strains that are
rapidly developing drug-resistant. Therefore, it is advisable to include
representative molecules from diverse scaffolds in order to expand the

existing chemical space of Mtb-targeting drugs.
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3.4. Conclusion

Fig. 3.8. Structurally similar molecules are shown in the figure. (A)
Mtb dataset (B) phytochemicals dataset.

Chemical space analysis is a valuable tool for exploring the vast

and diverse chemical space to identify potential new drug candidates
against Mtb, especially in light of increasing drug resistance cases. Due

to the complex nature of Mtb and its ability to mutate and develop drug
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resistance, traditional drug discovery approaches have become less
effective. Chemical space analysis allows for the exploration of diverse
and novel chemical compounds that may have unique structural and
physicochemical properties that can overcome drug resistance. In this
study we present a comprehensive assessment of two datasets of Mtb
inhibitors, namely Mtbs and Phytochemicals, using diverse criteria
including physicochemical properties, scaffolds, fingerprints, and
structural similarities. These datasets were compared to approved drugs
and Nutraceuticals datasets from the DrugBank database. The analysis
of physicochemical property distributions showed that Mtb inhibitors
are generally less polar or equally polar compared to Approved drugs,
as indicated by the distributions of hydrogen bond acceptors (HBA),
hydrogen bond donors (HBD), and total polar surface area (TPSA).
Mtb inhibitors were also found to have similar flexibility as measured
by rotatable bonds (RTB). Visual representation of the property space
revealed that the Mtbs dataset covers a limited area of the space
compared to the property space occupied by all other three datasets.
Additionally, most of the compounds in the Phytochemicals dataset fall
within the property space of the Drugs dataset, but some of the
compounds occupy areas of the chemical space that are not yet covered
by existing drugs. Some of the compounds in the Phytochemicals and
Nutraceuticals datasets inhabit portions of the chemical space covered
by the Mtb dataset. This indicates that some compounds derived from
nutraceuticals and phytochemicals may have mtb inhibitory activity.
The structural diversity of the datasets computed with the PCP
descriptors and fingerprint representations revealed that the compounds

in the Mtbs dataset are structurally less diverse than all other datasets.
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This is evident in the lower intra-dataset distance and higher similarity
value for all fingerprints. However, the scaffold analysis identified
several promising candidates in the Mtbs and Phytochemical datasets
that could serve as a starting point for the rational design of novel Mtb
inhibitors. Moreover, similarity analysis revealed significant
redundancy in the collection of chemical molecules targeting Mtb. This
redundancy can contribute to the development of drug resistance in
Mtb strains due to spontaneous mutations, especially for structurally
related drugs. Therefore, there is a need to expand the existing chemical
space of Mtb-targeting molecules by including representative
molecules from various scaffolds to overcome the challenge of drug

resistance.
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Chapter 4

4.1. Introduction

Over the past century, the convergence of chemistry, biology,
and medicine has resulted in enormous advances. This advancement
has resulted in domains such as cheminformatics and computer-aided
drug design (CADD), both of which play critical roles in current drug
discovery. For more than three decades, CADD techniques have played
a crucial role in the discovery of clinically useful small compounds.
Many proteins have been discovered as therapeutic targets for a variety
of diseases, and online databases provide thorough information on the
structure and function of inhibitors for these proteins. Researchers use
computational approaches to discover trends in structure-activity data,
allowing for better prediction of the biological activity of a compound
on a given protein, an important component of rational drug

development [1,2].

The rise of multi-drug resistant (MDR) and extensively drug-
resistant (XDR) tuberculosis (TB) has necessitated the discovery of
novel anti-TB compounds, particularly those that shorten treatment
time and limit drug resistance. In Mycobacterium tuberculosis (Mtb),
the enzyme InhA functions as an enoyl-[acyl-carrier-protein] reductase,
playing a crucial role in the biosynthesis of mycolic acids. It has
emerged as an interesting target for the development of new TB
medicines. Furthermore, InhA is targeted by isoniazid (INH), the first-
line treatment and prevention of TB. However, the increase in
treatment resistance stains emphasises the significance of the
development of new therapeutic drugs to treat TB. In the context of

increasing MDR-Mtb strains, InhA remains a prominent target for TB
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drug discovery. Both experimental and computational methods have
been used to identify and design a diverse range of InhA inhibitors.
Various screening methods, such as combinatorial chemistry and high-
throughput screening (HTS), have identified several inhibitors of InhA,
as well as structure-activity relationship (SAR) [3-5]. Moreover,
numerous InhA protein crystal structures have been identified using X-
ray crystallography. The inhibitors developed through different
screening techniques, together with their SAR data, are published in
scientific literature and stored in publicly accessible databases such as
BindingDB [6], PubChem [7], and ChEMBL [8]. Protein structures of
InhA are also accessible in the Protein Data Bank (PDB) [9]. This
extensive data collection is critical for the development of new
inhibitors against InhA. Studying the SAR of these data is a key step
towards virtual or experimental testing to identify new biologically
active compounds [10,11]. Furthermore, data mining techniques can
facilitate the creation of predictive models for assessing the activity of
novel inhibitors [12]. Consequently, various predictive models, SAR
and QSAR for InhA inhibitors have been developed to aid drug design
[13-15].

While various approaches can produce reliable and predictive
models, dealing with datasets containing discontinuous SARs remains
challenging. This difficulty arises because QSAR and machine learning
techniques frequently produce predictions with uncertain reliability,
which can lead to misleading or ineffective results. To overcome this
challenge, activity landscape modeling provides an effective

framework for systematically evaluating and structuring large datasets,
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allowing for early detection of activity cliffs, which is essential before
quantitative predictive analysis. In this context, activity cliffs are
commonly defined using the activity landscape concept, a valuable tool
for SAR research. Specifically, an activity landscape can be
represented as a hypersurface within a biologically relevant chemical
space, similar to geographical maps, with compound potency added as
a third dimension in a 2D projection of the chemical space. As a result,
the SAR of the dataset can be viewed as an activity landscape, where
potency introduces an additional dimension to the chemical space [16—
18]. This landscape includes areas of smooth SAR, where similar
compounds exhibit comparable activity, as well as zones of sharp
discontinuity, where minor structural changes result in substantial
variations in biological potency. This zone is called activity cliff
region. It is crucial for medicinal chemists to visualize and understand
the activity cliff regions within SAR data because they help highlight
molecular features that are important for drug development [11,19].
However, activity cliffs pose a significant challenge when developing
predictive models based on structural similarity. These models rely on
the assumption that compounds with similar structures tend to exhibit
comparable properties. However, a notable exception to this
assumption provides valuable insights into the relationship between
molecular structure and biological activity. This exception is
represented by activity cliffs instances where two closely related
molecules display significant differences in their biological activity.
Consequently, Activity cliffs can introduce substantial errors in
machine learning models, leading to incorrect activity predictions for

certain compounds despite the model's overall strong performance [20].
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In recent years, a number of quantitative and visual
methodologies have emerged for mapping a compound's activity
landscape across multiple biological endpoints. Techniques like
statistical analysis and classification have been used to organize
datasets and explore the chemical environment of potential hits [21—
23]. Researchers, including the group led by José L. Medina-Franco,
have used these techniques to analyze the SAR of inhibitors that target
different diseases [24-28]. Despite this, no extensive research has been
conducted on the structural diversity and activity landscape of InhA
inhibitors. In this study, we extracted SAR from the dataset and
visualized it using landscape modeling, which is a systematic pairwise
comparison of structural and activity similarities. In addition, we
sought to identify activity cliffs within the structure-activity landscape.
These compounds were further investigated using protein-ligand
interactions to provide a structural interpretation of the features that

contribute to activity cliffs.

4.2.Materials and Methods

4.2.1 Dataset and Data Curation

The chemical structures of InhA inhibitors were obtained from
the public database ChEMBL, based on their bioactivity data. We
imported inhibitor structures and activities from the ChEMBL database
into DataWarrior software [29], selecting the target as 'enoyl-[acyl-
carrier-protein] reductase'. DataWarrior allows for ChREMBL queries.

Initially, this dataset included 1329 InhA inhibitors.
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In ChEMBL, bioactivities are often provided in units such as K,
K, ICs0, and ECso, as well as assay data such as cell line, organism, or
tissue. In this work, we focused on compounds with reported ICso
values in the enzymatic inhibitory assay. The ICso refers to the
concentration required for 50% inhibition of the enzyme. Then the
bioactivity data were transformed into logarithmic values as pICso (-log

ICso).

Data curation involved removing duplicate compounds and
those lacking specific bioactivity information. In cases where
compounds had the same chemical structure but different bioactivity
endpoints, the compound with the lowest recorded activity value was
included. After curation, the dataset comprised 290 unique InhA

inhibitor molecules, with pICso values ranging from 3.54 to 8.7.
4.2.2. Activity landscape modeling

Activity landscapes are visual representations that integrate
activity data and compound similarity [30]. It allows for a direct
assessment of the similarity principle, which posits that structurally
similar compounds in a data set should exhibit similar biological
activities. SAR found in compound data sets can be accessed
graphically through activity landscapes, which combine structural and
potency information about active compounds [31]. For this study, we
used Structure-Activity Similarity (SAS) maps and the Structure-
Activity Landscape Index (SALI) as key methodologies from the range

of available activity landscape analysis techniques.
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4.2.2.1 SAS maps

SAS maps are one of the first techniques introduced to
characterise SAR utilising the notion of activity landscape modeling. A
schematic representation of a SAS map is shown in Fig. 4.1. Typically,
The X-axis represents structural similarity, while the Y-axis plots the
activity difference or activity similarity. SAS maps can be broadly
divided into four major regions. The upper-right region of the figure is
the most important zone examined in this study because it represent
pair of compounds with greater activity differences and a greater
molecular distance (activity cliff region). This zone indicates activity
cliffs on SAS maps. The bottom-left area indicate pairs of compounds
with low activity difference and low molecular distance (also known as
similarity cliff or scaffold hopping region). On the other hand, the
lower-right zone depict a pair of molecules with a minimal activity
differences and a larger molecular distance (smooth SAR region). The
top-left section represent pair of compounds with a discontinuous SAR
in which compound pairs exhibit significant differences in activity
despite having little structural similarity (Non-descriptive region). SAS
maps were created in this study using an online tool called the 'Activity

Landscape Plotter' [32].
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Fig. 4.1. Four major regions in a SAS map.
4.2.2.2 Structure—Activity Landscape Index

The Structure-Activity Landscape Index (SALI) was developed
to measure activity cliffs by evaluating the relationship between
molecular similarity and activity difference. In the Activity Landscape
Plotter, SALI is calculated using the formula introduced by Guha and
Van Drie [33] in Equation (4.1):

C o A4yl
SALIL,j = i 4.1
In this context, Ai and Aj represent the activities of the i and j®

molecules, respectively, while sim(i,j) denotes the similarity coefficient
between the two molecules, which in this study is calculated using the

ECFP4 fingerprint and the Tanimoto coefficient [34]. The SALI values
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are then visualized on the Structure-Activity Similarity (SAS) maps
with a continuous color scale ranging from green for the most

structurally similar pairs to red for the least similar pairs.
4.2.2.3 Activity Cliff Generators

Activity landscape methods are widely used to identify activity
cliffs, which are compounds with similar structures but unexpectedly
different biological activities [35,36]. The presence of activity cliffs in
datasets has the potential to significantly impact medicinal chemistry
and computational projects [18]. Activity cliffs, for example, impede
the development of effective predictive methods like quantitative
structure-activity  relationships  (QSAR) [37,38]. Furthermore,
compounds that frequently produce activity cliffs are unsuitable as
query molecules in similarity-based virtual screening. In medicinal
chemistry, activity cliffs can be useful because they highlight important
pharmacophoric regions. Small structural changes that cause
significant biological response modifications can be used to optimize

leads.
4.2.3 Molecular Docking

A structure-focused strategy was used to assess the impact of
specific molecular features on activity cliff formation and investigate
their contribution to ligand-enzyme interactions. This study primarily
utilized a ligand-based methodology, with in-depth structural analyses
conducted on the most significant compounds. The activity cliff
generators were docked into the InhA (PDB ID: 4COD), which is
bound to a small ligand N-((3R,5S)-1-(benzofuran-3-carbonyl)-5-
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(ethylcarbamoyl)pyrrolidin-3-yl)-3-ethyl-1-methyl-1H-pyrazole-5-

carboxamide (KV1), a compound closely related to the activity cliff
compound ChEMBL3125275 using CB-DOCK 2 [39,40]. 2D diagrams
describing the interactions between the activity cliff and the receptor

were also predicted via LigPlot+ software [41].
4.2.4 Molecular dynamics simulation and MM-PBSA calculation

To further investigate the interactions between the activity cliffs
and their target protein, Molecular dynamics (MD) simulations were
performed on the activity cliff generators using SiBioLead, an
automated online platform [42]. The OPLS/AA force field was used in
the simulation, with ligand parameters generated by AMBERTOOLS
and the ACPYPE package [43]. The protein-ligand complex was
immersed in a triclinic box filled with SPC water molecules and
neutralized with NaCl counter ions. An additional 0.15 M of NaCl was
added to simulate physiological conditions. Using NVT and NPT
ensembles, the system was equilibrated over 300 ps. Every 20 ps, a
trajectory snapshot was taken, yielding 5000 images. GROMACS'
integrated tools were used to analyze these trajectories, and the results
were displayed in xmgrace. In addition, the binding free energy
(AGuinding) of protein-ligand complexes was calculated. The molecular
mechanics Poisson-Boltzmann surface area (MM-PBSA) method was
used to estimate binding free energies, with an automated plugin
available on the SiBioLead server [44,45]. The following equation

(4.2) was used to calculate the binding free energy for each frame:

AGbind = AGcomplex_ (AGreceptor +AGligand) (4.2)
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4.3. Results and Discussion
4.3.1 SAS Map

The SAS map, which contains 41,744 pairs derived from the
InhA inhibitor dataset is shown in Fig.4.2. The map is divided into four
primary regions (I-IV), each denoted by dotted lines. Various methods
can be employed to determine thresholds for dividing the plot. In this
study, the threshold for structural similarity along the X-axis was
calculated by taking the dataset's median pairwise similarity value and
increasing it by two standard deviations. This calculation resulted in a
threshold value of 0.5. Similarly, the Y-axis potency difference

threshold was set to 2 log units.

The SALI-SAS map (Fig. 4.2. A) shows compound pairs using
a color-coded scheme based on their SALI values. Green dots represent
pairs with the lowest SALI values, orange to yellow dots indicate
moderate SALI values, and the red dot represents the pair with the
highest SALI values. The majority of the map's points are green and
yellow, indicating a predominantly continuous structure-activity
relationship (SAR), in which structurally similar compounds exhibit
comparable activities. In other words, minor changes in structure only
result in minor activity changes. This pattern most likely reflects the
dataset's origin in a lead optimization process [46—48]. Fig.4.2.A
demonstrates that a significant portion of pairs of compounds in the
dataset exhibit substantial differences in activity (greater than 1 or 2 log
units), which contributes to the rugged activity landscape. However,

activity cliffs form in a small portion of upper right zone of the map.
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Even though, they provide vital information about SAR of InhA
inhibitors. Furthermore, their presence assists medicinal chemists in
identifying structural modifications that can improve potency or other
desirable properties during the development of inhibitors against Mtb.
Also, helps to make effective machine learning models with improved

accuracy.

Similarly, Fig.4.2B, shows the distribution of activity levels for
compounds in the InhA dataset, with different colors indicating the
relative activity of each compound in a similarity pair. Red dots
indicate the most potent compounds, yellow-to-orange dots indicate
those with moderate activity, and green dots identify the least active
compounds in each pair. Notably, the red circles on the SAS map are
distributed across the potency spectrum. Red dots at the top of the plot
represent pairs of compounds with significant potency differences, such
as one highly active and one inactive compound. In contrast, the red
dots near the bottom of the plot, where potency differences are

minimal, represent pairs in which both compounds are equally active.

The 'Density SAS Map' (Fig.4.2.C) uses a continuous color
gradient to represent the concentration of data points in different areas,
with red indicating a high concentration (higher density data points)
and grey indicating a low concentration (lower density data points).
The region identified as the similarity cliff on the SAS map displays a
dense cluster of data points, implying that the majority of the
compounds in the dataset, despite having distinct chemical structures,

exhibit comparable levels of activity.
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A SAS map

Structural Similarity Stuctural Similarity

C Density SAS map

Fig.4.2. SAS maps of the global activity landscapes of InhA inhibitors:
(A) SALI SAS map, (B) maximum activity SAS map, (C) density SAS
map.

4.3.1.1. Quantitative Analysis of SAS Maps

As described in the methods section and illustrated in Fig. 4.2,
the SAS maps were divided into four distinct regions to allow for
systematic and quantitative analysis. Each region was assigned specific
thresholds for structural similarity and activity difference. Table 4.1.,

summarises the number of similarity pairs within each of the SAS
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map's four areas (I-IV), demonstrating the dataset's diverse SAR, which
includes both continuous and discontinuous regions. The quantitative
analysis shows that activity cliffs constitute approximately 0.3% of the
dataset. Although uncommon, these cliffs are important for
understanding SAR because they represent instances where minor
structural variations result in significant activity changes, posing
potential challenges for predictive modeling. It’s worth noting that the
scaffold hop/similarity cliff region has the highest concentration of data
points, accounting for 67.3% of the InhA inhibitor dataset. This implies
that nearly 70% of the compound pairs have significantly different
chemical structures but comparable activity levels. Furthermore, 5.2%
of the compound pairs are located in a smooth SAR region, making
them suitable for predictive modeling. These proportions are subject to
change with the release of more activity data, as they are based on the

current content of the ChEMBL.

Table 4.1. Quantitative Analysis Summary of four SAS Maps region

Quadrant Region No. of pairs  Percentage
1 Non-Descriptive 11390 27.3
2 Similarity cliff 28076 67.3
3 Smooth SAR 2164 5.2
4 Activity cliffs 113 0.3
Total 41743
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4.3.2. Activity Cliff Generators and SAR Interpretation

Examining and interpreting these activity cliff generators is
anticipated to provide critical insights into the structural factors that
influence compounds' inhibitory potency against InhA. For this study,
an activity generator was defined as a compound that appeared in at
least five distinct activity cliff pairs. Using this definition, ten

compounds were recognized as activity cliff generators.

Fig.4.3, illustrates the chemical structures of two exemplary
activity cliff generators and the associated compound pairs found in the
dataset. The figure also shows ChEMBL IDs and their corresponding
activity values (pICso). All compound pairs have a potency difference
(ApICso) greater than 2 compared to their respective cliff generators.
The activity cliffs related to (2S,4R)-1-(1-benzofuran-3-carbonyl)-4-
[(5-ethyl-2-methylpyrazole-3-carbonyl)amino]pyrrolidine-2-carboxylic
acid (ChEMBL ID 3125275, pICso = 5.89; ICso = 1288 nM), as well as
the chemical structures of six cliff-forming compounds, are shown in
Fig.4.3.A. Upon analyzing the structural differences, it is evident that
substituting a hydroxyl group in pyrrolidine-2-carboxylic acid leads to
a sharp increase in binding affinity. Replacing pyrrolidine-2-carboxylic
acid with (diethylcarbamoyl)pyrrolidin-3-yl further enhances the
binding affinity (Fig.4.3.B). However, the molecule N-[(3R,5S)-1-(1-
benzofuran-3-carbonyl)-5-(diethylcarbamoyl)pyrrolidin-3-yl]-5-ethyl-
2-methylpyrazole-3-carboxamide (ChEMBL ID 3125280, pICso = 6.02;

ICs0 = 955 nM) can itself be considered an activity cliff generator.
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By examining the activity cliffs and their corresponding
compound pairs, it is evident that all of these compounds are
pyrrolidine carboxamide derivatives. Recent research has highlighted
pyrrolidine carboxamides as a new class of InhA inhibitors [49-51]. A
notable observation is that the ICso value decreases when a nitrogen-
containing group, particularly a heterocyclic one, replaces the
substituent in the carboxamide moiety. Current studies suggest that
nitrogen-containing heterocyclic compounds are being widely explored
for their potential as anti-TB agents. These nitrogen-based compounds
have various targets, with InhA being a primary focus [52]. Therefore,
structure-activity relationship (SAR) studies of this compound class are

crucial for drug development.

From the analysis, it is apparent that all cliff compound pairs
exhibit ICso values that are at least two hundred times lower than their
corresponding cliff generator compounds. This suggests that the abrupt
change in activity between the cliff pairs leads to a discontinuous SAR.
This discontinuity makes it challenging to perform predictive modeling,
such as QSAR, using pyrrolidine carboxamide compounds, as SAR
continuity is essential for QSAR analysis. Alternatively, using insights
from activity cliff generators to modify the common structure could
improve the efficacy of lead InhA inhibitors. This approach may
improve potency, selectivity, and pharmacokinetic properties,
potentially positioning these compounds as lead candidates in drug
development. In summary, recognizing activity cliffs within compound
datasets is crucial for guiding the development of accurate predictive

models. By eliminating activity cliffs, the performance of models that
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rely on the similarity principle, such as QSAR approaches, can be
improved. To assess their predictive performance, it is critical to
construct and test various InhA datasets, comparing those with and

without activity cliffs.
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Fig.4.3. Representative activity cliff generators and selected pairs of
compounds formed with the generators (A) (2S,4R)-1-(1-benzofuran-3-
carbonyl)-4-[(5-ethyl-2-methylpyrazole-3-carbonyl)amino|pyrrolidine-
2-carboxylic acid, (B) N-[(3R,55)-1-(1-benzofuran-3-carbonyl)-5-
(diethylcarbamoyl)pyrrolidin-3-yl]-5-ethyl-2-methylpyrazole-3-
carboxamide in the activity landscape of InhA dataset. The structural
changes resposible for the activity cliff are highlighted in color.

4.3.3. Molecular docking

We used molecular docking simulations of the previously
identified activity cliff generators to investigate ligand-receptor
interactions. Notably, functional activity is not always correlated with
binding affinity, which is the main object of this analysis. Despite its
shortcomings in determining exact binding energies, molecular docking
is a popular technique for predicting possible binding modes. [53].
Docking was carried out using CB DOCK2, as described in the

materials and methods section.
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Fig.4.4, shows the predicted binding modes of selective
compounds, identified as activity cliffs generators, within the binding
site of InhA. The predicted binding modes of molecules containing the
pyrrolidine carboxamide moiety are characterized by the formation of
hydrogen bonds and hydrophobic interactions between the ligands and
the InhA binding site. The cliff compounds form hydrogen bonds with
key residues such as Ser200, Leul97, Alal98, Met198, Ala201, and
[1e202. The compound CHEMBL3125275 interacts through the oxygen
(O) present in carboxylic acid, whereas the others interact through the
nitrogen (N) in the carboxamide moiety, which can change electronic
distribution and affinity. As a result, subtle differences in hydrogen
bond distances have been observed, which may influence binding
affinity. Residues Ser200 and Leul97, which are involved in the
interaction with the heterocyclic substituent, could be examples of
activity cliff hot spots [54]. This study validates that the nitrogen-
containing heterocyclic substituent in carboxamide moiety aids
molecules in more easily fitting into protein binding pockets.
Moreover, these substituents, which include pyridine, oxazol, pyrazol,
and others, may improve the conformational changes or a better fit in
the binding site, which would boost activity. These activity cliff
compounds also have hydrophobic interactions with the protein via
residues such as Met103, Glyl104, Met199, Alal57, Leu207, Tryl5S,
Phel49, Metl161, Gly96, and Phe97.

This analysis reveals that small structural modifications in the
ligands strengthen the interactions between the compounds and the

protein. The increased interaction is attributed to the nitrogen-
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containing substituent present in compounds. These subtle structural
differences are responsible for the activity cliffs between the
compounds, directly influencing the ICso values against InhA. As
previously discussed, the ICso values of the activity cliffs and their
pairs show a significant change due to these structural variations,
leading to increased biological activity of the compounds. In addition,
we carried out MD simulations and MM-PBSA free energy calculations
to investigate and validate the stability and binding affinity of these
complexes. This analysis provided additional insights into binding free
energies, as well as a quantitative assessment of the ligand-receptor

complexes’ interaction strength and stability.

Ser2i OU(B)
Al201(B) & tq ; w2
£ % e o i
Mﬁllﬂ@{ﬂl . 1 B
QLeu197(B) La201(B) o
c.,]..mj " o > —_— .(.K.“
i R L T Crse ./o\
¢ ,":'/. 2 . ‘@ 1le202(8 )’"’ S
Ne202(B) o ~ 7.‘» e:& W Leuto? m,
Y ¥ \ v Ala1983(B { ‘\0‘
"*“’"‘”g E § 'y . o Ala157 b "3 1
™ ,»- N 4 O ¢ L k- “Ala198(B)
y 1 T Phet(B) " X
7 Ah]!W(B]T e ) g } Meil99
A - %m,
e iy P A
= L 2 Fewem ) ’ A
TmE  Met9B(B) Glylé: < o | oy
Meil61(B) " L
Met0S(B) @=—C
-] \BAL, Ya
r::::x L
\“'L‘L PMITIK{H)% w
Phel49(B) Phe149(B)

140



Chapter 4

Ser200(B)

e Leul97(B)

-\laZOIlB) Glyl04(B)
" y
7

Ser200(B)
el e

A]sZollBl

1e202(B) @

Ahlﬂ(;)'\% 0 o« L / § 3 ) [ A
T PN N % Ala198(B) ®E _ giin PN o
A, 3 A ) 3
" M“:;ff% e K : .
i BT Phe97(B)/—

L S W
K Fmenoo) %:msv(n
Glylm(ﬂ)g - ‘: . Ala198(B)
o . gj:w(a)

Met98(B) Tyrlssm) %
Metl61 hel49(B)

' T1e202(B)
Leul97(B) W ) &

. _Met98(B)
»HL/((/ i:: S5
G1y96(B)

« 2
. ZiMet103®)

Metl 61(13)E R
Phel49(B)

C D

Met199(B)

Kgos G-. Ala_Ul(B)

',»l. “_Sel 00(B)

Ile202 ('R)

Fig.4.4. Predicted binding poses of selective compounds identified as
activity cliffs generators, within the binding site of InhA. (A)
CHEMBL3125244 (B) CHEMBL3125251 (C) CHEMBL3125252 (D)
CHEMBL3125259 (E) CHEMBL3125275

4.3.4.Molecular dynamics simulation and free energy calculations

Fig.4.5, shows the RMSD plots for CHEMBL3125244,
CHEMBL3125251, CHEMBL3125252, and CHEMBL3125259.
CHEMBL3125244 exhibits a steady rise before stabilizing at 0.12 and
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0.16 nm. This low RMSD indicates that the ligand is relatively stable
inside the binding site, with just minimal variations. Compound
CHEMBL312525 exhibits early stability, followed by variation
between 0.08 and 0.15 nm, demonstrating structural flexibility before
stabilization. CHEMBL3125252 exhibits a rise in value before
stabilizing around 0.10-0.17 nm, indicating an initial adjustment before
equilibrium. CHEMBL3125259 has the most stable RMSD value,
constantly varying between 0.08 and 0.12 nm, indicating significant
binding stability. Overall, our data indicate that all four compounds

exhibit good binding stability in the binding pockets.

Furthermore, the binding free energies of protein-ligand
complexes were determined using MM-PBSA, which provides
important information about the thermodynamic stability of these
interactions. Table 4.2, shows the calculated Gibbs free energy values
for the compounds CHEMBL3125244, CHEMBL3125251,
CHEMBL3125252, and CHEMBL3125259. These values were -50.28,
-48.51, -48.96, and -49.22, kcal/mol, respectively. Negative Gibbs free
energy values indicate that ligand-protein interactions are
thermodynamically favourable and stable. Lower binding energies for
activity cliff pair compounds indicate better binding in the protein

pocket.
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Fig.4.5. The RMSD plots of the activity cliff compounds (A)
CHEMBL3125244, (B) CHEMBL3125251 (C) CHEMBL3125252 (D)
CHEMBL3125259

Table 4.2. Binding free energy (Kcal/mol) for the selected activity cliff
compounds

Compounds AGpinding
CHEMBL3125244 -50.28
CHEMBL3125251 -48.51
CHEMBL3125252 -48.96
CHEMBL3125259 -49.22

As previously stated, detecting activity cliffs in compound

datasets is critical in shaping the development of prediction models. It
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is suggested that excluding activity cliffs from these datasets may
improve model accuracy, particularly for those that use the similarity
principle, such as traditional QSAR techniques. It would still be
necessary to develop and validate several prediction models with and
without activity cliffs for the compound data set examined in this work
and to evaluate the predictive potential quantitatively. Furthermore, in
the case of many studies that identified pyrrolidine carboxamide as
potent direct InhA inhibitors, the predicted activity cliff compounds can
help highlight important molecular features, resulting in the

development of more potent compounds against InhA.

4.4. Conclusion

This research work provides an in-depth cheminformatic
analysis of the structure-activity relationship (SAR) of InhA inhibitors
sourced from the CHEMBL database, which includes both activity
landscape modeling and structure-based docking studies. The
evaluation of the inhibitors' activity landscape revealed a largely
heterogeneous SAR, with most compound pairs falling into similarity
cliff regions, while some are in activity cliff regions. Quantitative
analysis indicated that activity cliffs represent approximately 0.3% of
the dataset, highlighting their rarity. However, these cliffs are crucial
for understanding SAR, as they introduce sharp changes in activity with
minimal structural alterations, which can complicate predictive
modeling. We identified ten significant activity cliff generators within
the InhA inhibitor dataset, all of which contain important

pharmacophoric features that contribute to their potency. Analysis of
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these cliffs and compound pairs showed that they are all pyrrolidine
carboxamide derivatives, a novel class of InhA inhibitors. Notably, the
ICso value decreases when the carboxamide substituent is replaced by a
nitrogen-containing group, particularly heterocyclic groups. Therefore,
SAR studies of these compounds are critical for drug development.
Docking analysis revealed that minor structural modifications in the
ligands enhance their interactions with the protein. This increased
interaction is attributed to the nitrogen-containing substituent forming
various types of bonds, and these subtle structural changes are
responsible for the activity cliffs between compounds, directly
impacting their ICso values against InhA. Additionally, molecular
dynamics simulations and MM-PBSA calculations confirmed the
docking results, showing lower RMSD and free energy values. These
findings indicate that activity cliff compounds bind more effectively to
the protein pocket. Identifying and addressing these activity cliffs could
enhance the development of more efficient and reliable QSAR models
for InhA inhibitors, as well as a better understanding of the key

molecular features required for InhA drug development.
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Chapter 5

5.1. Introduction

With over a million fatalities per year, tuberculosis (TB), which
is brought on by Mycobacterium tuberculosis (Mtb), continues to rank
among the world's most deadly infectious diseases [1]. The
development of extensively drug-resistant (XDR) and multi-drug-
resistant (MDR) TB strains has significantly reduced the effectiveness
of traditional antibiotics, despite the availability of treatment regimens.
This necessitates the urgent development of new anti-tubercular drugs
[2,3]. The enzyme known as InhA, or Enoyl-Acyl Carrier Protein
(ACP) Reductase from Mtb, is involved in the biosynthesis of fatty
acids, primarily mycolic acid, which is a significant constituent of
mycobacterial cell walls [4]. InhA has proven to be one of the most
reliable targets for developing drugs against TB or InhA inhibitors.
Therefore, we decided to search for novel inhibitors of InhA, which is
the target of isoniazid, a first-line TB drug (also known as isonicotinoic
acid hydrazide [INH]) [5].

Antimicrobials and other therapeutic compounds have long been
found in natural products, especially phytochemicals made from Indian
medicinal plants [6]. Given its distinct biodiversity and abundance of
medicinal plants, India offers a promising prospect for the development
of anti-TB medications [7]. However, conventional discovery methods
are time-consuming and prohibitively expensive due to the wide range
of chemicals and the limited capacity for experimental screening. By
identifying patterns in current bioactivity data, Quantitative Structure—
Activity Relationship (QSAR) modeling and machine learning (ML)

techniques provide a data-driven framework to speed up the
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identification of possible bioactive compounds [8]. ML-based QSAR
models can narrow down candidates for experimental validation by
predicting the efficacy of untested compounds by correlating molecular
descriptors with anti-TB activity [9]. The primary objective of QSAR
analysis is to connect a collection of chemical descriptors (predictor
variable, X) to activity (response variable, Y). Methods for connecting
X and Y and chemical descriptors have drawn a lot of research interest
[10].

In this work, we introduce an integrated ML-based QSAR
pipeline that trains and assesses predictive models that can distinguish
between active and inactive compounds against Mtb using the
bioactivity data available in the ChEMBL database [11]. Following
that, a library of phytochemicals found in Indian medicinal plants
downloaded from plant-based databases is screened using the trained
model. Finally, molecular docking was performed on screened
molecules to further identify the best inhibitors of InhA, based on
protein-ligand interaction. The goal of this strategy is to use the
combination of contemporary computational methods and
ethnopharmacological knowledge to find new leads in the fight against
TB. To improve QSAR modeling and virtual screening and more
effectively identify lead compounds against complex targets like Mtb,
recent developments in computational drug discovery have increasingly
depended on machine learning techniques [12—14]. The ligand and
structure-based approaches used in this work are expected to be
beneficial in the discovery and development of effective InhA

inhibitors [15].
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5.2. Materials and Methods
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Fig.5.1. A flowchart of the QSAR modeling and evaluation process

5.2.1.Data Collection and Curation

The ChEMBL database, version 35, which is accessible to the

public, provided the bioactivity information for Mycobacterium

tuberculosis (Mtb) inhibitors (Target ID: CHEMBL 360) used in this

investigation. The original dataset contained 205,967 bioactivity

records, representing 104,686 distinct compounds, including MIC, ICso,

MICS50, % inhibition, % activity, and more. We selected 2950

compounds with ICso values for our subsequent study. To maintain

reliability and consistency in downstream modelling, compounds

lacking 1Cso measurements, having ambiguous inequality signs such as
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'<" or ™', missing SMILES representations, or presenting redundant
entries were carefully removed. This rigorous curation process resulted
in a refined dataset containing 1,914 structurally and bio actively
validated compounds suitable for quantitative structure—activity
relationship  (QSAR) classification modelling. A  schematic

representation of the workflow of this study is provided in Fig. 5.1.

5.2.2 Molecular Descriptors

Molecular descriptors are mathematical values that characterize
part of a molecule or structural or physicochemical properties of a
molecule. They are used in QSAR models to predict a compound's
molecular properties or biological activity [16,17]. In this study, two
types of descriptors were generated to characterize the chemical space
of the curated compounds and their modelling. The first included
PubChem-based fingerprint descriptors, which capture binary
substructure patterns useful for chemical similarity and bioactivity
profiling. PaDel-Discriptor software was used to generate 881
PubChem molecular descriptors from the SMILES formula using the
Python code [18,19]. PubChem fingerprints show whether a particular
set of chemical features is present in a compound or not. These
fingerprints were further subjected to interpretation of the feature

importance [20].

The second category included physicochemical descriptors
based on Lipinski's Rule-of-Five (ROS5), which included molecular
weight (MW), LogP (a measure of lipophilicity), the number of
hydrogen bond donors (HBD), and the number of hydrogen bond
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acceptors (HBA). These descriptors were chosen based on their
relevance in drug-likeness evaluation and interpretability in QSAR
modelling [21]. We used RDKit to generate Lipinski descriptors. ROS
descriptors were used for the chemical space analysis of drug-like

properties of inhibitors.

The selection of PubChem fingerprint descriptors was further
justified based on the known mechanism of InhA inhibition. InhA
(enoyl-acyl carrier protein reductase) plays a critical role in the fatty
acid elongation cycle involved in mycolic acid biosynthesis in
Mycobacterium tuberculosis. The active site of InhA contains a
hydrophobic substrate-binding pocket that accommodates long-chain
fatty acyl substrates and NADH-dependent inhibitors. Therefore,
structural fingerprints capturing specific substructures and functional
groups are important for identifying chemical patterns that may

influence enzyme binding and inhibition.

5.2.3.Data Filtering and Preprocessing

Several preprocessing stages were carried out in order to get the
data ready for analysis based on machine learning. To guarantee
consistency among chemical representations, salts were first eliminated
from compound structures, and tautomers were standardized. A
negative base-10 logarithmic transformation was then used to convert
the ICso values to pICso values in order to provide a normalized,
continuous range of bioactivity values. A threshold on pICso values
<1000 and >1000 nM, respectively, was then used to classify the

compounds as actives and inactives. There were 1,273 inactive
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compounds and 641 active compounds in the final distribution. Then

this dataset was subjected to the generation of molecular descriptors.

After the generation of descriptors Synthetic Minority
Oversampling Technique (SMOTE) was used to enhance the minority
class in the training dataset in order to counteract the impact of class
imbalance, which might skew the model in favor of the majority class.
This approach mitigates the overfitting issue caused by random
oversampling. The component generates new instances using existing
minority cases as input. SMOTE works by choosing samples that are
near in the feature space, drawing a line between them, and drawing a
new sample at a position along that line [22]. Fig.5.2 shows the bar
plots of active and inactive class distribution before and after

resampling with SMOTE.
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Fig.5.2. Bar plots of class distribution. (A) Before Resampling (B)
After Resampling with SMOTE

The balanced dataset was then subjected to feature selection. In
order to reduce duplication and multicollinearity, highly collinear

properties were removed from the descriptor dataset. Statistical
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characteristics were chosen using the Chi-Square test, which made it
possible to find and keep descriptors that were substantially linked to
chemical activity. The chi-square test is a statistical approach for
selecting features in machine learning [23]. It's employed to ascertain
whether categorical variables significantly correlate with one another.
The Chi-square statistic is calculated as Equation 5.1:

(0i—Ey)?

X2 =), T (5.1)

O; = observed frequency, E; = expected frequency

5.2.4. Data Splitting and Test Selection

Following feature selection, with 80% of the final dataset going
to training and 20% going to independent testing, the stratified train—
test split ensured robust model validation by maintaining the relative
distribution of active and inactive chemicals in both groups. The unseen
test set was put aside for the external evaluation of model performance,
while the training set was used for model development and
hyperparameter tuning. GridSearchCV was wused to tune the
hyperparameters in the selected models. It is performed to improve the

efficiency of the model [24].
5.2.5. QSAR Classification Model Building

An ML-based QSAR classification modeling framework was
employed to classify compounds based on their potential Mtb
inhibitory activity. ML Classification is the approach used to predict

the class of data points. Model selection was initiated using the
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LazyPredict classifier suite, which provided a comparative performance
analysis across a wide range of supervised learning algorithms,
including but not limited to Random Forest, Support Vector Machine,
and Gradient Boosting classifiers [25]. The classifier demonstrating
superior performance metrics on the training data was selected for

further optimization.

5.2.6.Statistical Assessment for Model Validation and Performance

Accuracy, precision, recall, and Fl-score, which are the
standard classification metrics, were used to statistically evaluate the
model's performance. These measures made it easier to conduct a
thorough assessment of the QSAR model's external validity and
internal consistency. The percentage of all correct classifications,
whether positive or negative, is known as accuracy. Precision indicates
the proportion of predicted positive cases that are actually positive.
Recall represents the proportion of true positives identified out of all
positive instances. Fl-score balances the trade-off between precision
and recall by combining them into a single metric. They use the
formulae provided in Equations 5.2 - 5.6. A confusion matrix was also
utilised to examine the classification results, displaying the number of

correct (TP, TN) and incorrect (FP, FN) classifications.

Accuracy = L\ B (5.2)
TP+TN+FP+FN
Precision = L (5.3)
TP+FP
Recall = —— (5.4)
TP+FN
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Precision x Recall

F1 Score =2 X (5.5)

Precision + Recall

TP, TN, FP, and FN stand for the number of true positive, true

negative, false positive, and false negative cases, respectively.

Google Colab, a cloud-based Jupyter notebook environment
that offers free access to GPUs and TPUs, was used to execute the
modeling and screening. This makes it perfect for ML tasks. Python 3
with necessary libraries, including scikit-learn for machine learning
algorithms, RDKit for calculating molecular descriptors, Pandas and
NumPy for data manipulation, Matplotlib and Seaborn for
visualization, and imbalanced-learn for SMOTE-based data balancing,
was used for the modeling and analysis. During model training and
evaluation, the environment made use of Colab's backend, which had a

Tesla K80 GPU and 12 GB of RAM for effective computation.

5.2.7. Screening of Indian medicinal plants Molecules

After validation, the best machine learning model was used to
screen phytochemicals in Indian medicinal plants (IMPs). We chose 15
traditional IMPs with anti-tubercular activity from the literature survey
shown in Fig. 5.3. Several in vitro studies identified that these plants
molecules show potential anti-tubercular activities. We downloaded a
list of 769 phytochemicals found in IMPs from Dr. Duke's
Phytochemical and Ethnobotanical databases [26]. Then, 3D structure
molecules were downloaded from the PubChem and IMPPAT
databases [27,28]. Then duplicates were removed, and molecular

descriptors of phytochemicals were computed and fed into the trained
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model, which predicted their biological activity. The predicted results
were analysed to identify promising candidates using the molecular

docking method.

Medicinal

-—-'_-_-_-_-_ Plants Alstonia
/ e
Piper
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LU GELIE]
Somnifera
o Tinospora

Cordifolia

Fig.5.3. Selected 15 Indian Medicinal plants for the screening of
molecules against Mtb

5.2.8. Molecular docking

The crystal structure of InhA (PDB ID: 1ZID) at 2.70 A resolution
was downloaded from the Protein Data Bank database [29]. The protein
was then prepared using the Discovery Studio software. All water
molecules and heteroatoms were removed from the protein. Finally,

kollman charges were added, and the protein was exported in pdbqt
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format for docking analysis. Previously screened plant molecules for
anti InhA activity converted to pdbqt format with Open Babel [30].

The AutoDock Vina software was then used to conduct the
molecular docking analysis. The compounds were evaluated based on
their docking scores and interaction profiles, and the best candidates

were selected.

5.3. Result and discussion

5.3.1. Chemical space analysis of Mtb inhibitors

The training set of Mtb inhibitors was first subjected to chemical
space analysis to gain a better understanding of the dataset before
developing the classification model. The dataset's chemical space was
examined using Lipinski ROS5 (rule of five) descriptors, such as MW,
LogP, HBD, and HBA, to comprehend the structure-activity
relationship (SAR). In practice, ROS5 is most commonly used to assess
drug-likeness, which helps choose compounds with a better chance of
success.  This  rule  offers  straightforward  criteria  for
determining whether a chemical compound with a particular
pharmacological or biological activity possesses characteristics that
make it an orally active drug. In drug development, the ROS5 predicts
that poor absorption or penetration is more likely when there are more
than 5 HBD, 10 HBA, and the MW is larger than 500 Dalton (Da), and
the computed Log P is greater than 5.

Initially, the chemical space of the dataset was examined by
plotting the distribution of actives and inactives as a scatter plot of MW

vs. LogP. The active and inactive compounds are then compared based
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on Lipinski descriptors. Fig. 5.4 depicts the chemical space distribution
of the training set in the form of a scatter plot. The figure indicated a
nearly the same distribution, with the majority of active and inactive
compounds having a MW between 200 and 600 Da and a LogP value
between 0 and 7. This result suggests that actives and inactives in the

training set shared the same chemical space.
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Fig. 5.4. Chemical space of the Mtb inhibitor dataset. Molecular weight
on the X-axis, logP on the Y-axis

Fig. 5.5 depicts the total distribution of the dataset based on ROS.
Fig. 5.5A demonstrates that active molecules have somewhat lower
MW values than inactive ones. It may be deduced from the median
values in the box plot. Similarly, inactive compounds showed
somewhat higher logP values than active compounds (Fig. 5.5B). The

distribution of HBA, as determined by the median, reveals that the
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active and inactive drugs had almost identical HBA values (Fig. 5.5C).

The distribution of HBD demonstrates that active compounds had a

lower HBD value than active compounds (Fig. 5.5D). However,

practically all compounds in the training set exhibit drug-like features,

making it challenging to predict inhibitor activity using basic Lipinski

molecular descriptors due to the same distribution of actives and

inactives.
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5.3.2. Machine Learning based QSAR Screening Model

After the preprocessing and fingerprint descriptor calculation
the LazyPredict package was used to acquire robust QSAR ML models,
as described in methods. A comparison of many machine learning
models assessed with the LazyPredict library is shown in Table 5.1. At
0.91 for accuracy, balanced accuracy, and F1 score, Light Gradient
Boosting Machine Classifier (LGBM Classifier) outperformed the other
evaluated classifiers in every important statistic. LGBM 1is a high-
performance gradient boosting framework that uses decision tree
algorithms. It is used for ranking, classification, and other ML tasks.
With  just slightly lower scores, ExtraTreesClassifier and
BaggingClassifier likewise showed excellent performance. These
findings demonstrate the effectiveness and resilience of ensemble-
based techniques in Mtb inhibitors bioactivity prediction-related binary
classification tasks.

Using GridSearchCV  search techniques, hyperparameter
tweaking was carried out to improve the predictive power and
generalizability of the model. Using the training and testing datasets,
the final optimized model referred to as the best model was put through
a thorough review. While classifiers such as LabelPropagation and
GaussianNB had notable disparities, the majority of the best-
performing models maintained constant accuracy and F1 scores, as

seen in Fig.5.6.

The training duration for each model is shown in Fig.5.7.

Although CalibratedClassifierCV performed well, it took the longest to
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train (42.3 seconds), which made it less useful than models like
RidgeClassifierCV and LogisticRegression that were faster but still as

accurate.

Table 5.1. Model Performance comparison results using LazyPredict

SI.  Model Accuracy Balanced F1 Time
No Accuracy Score Taken
(s)
1 LGBMClassifier 0.91 0.91 0.91 0.72
2 ExtraTreesClassifier 0.9 0.9 0.9 1.21
3 BaggingClassifier 0.89 0.89 0.89 4.28
4 RandomForestClassifier 0.89 0.89 0.89 1.03
5 CalibratedClassifierCV 0.88 0.88 0.88 64.95
6 LogisticRegression 0.88 0.88 0.88 0.53
7 SvVC 0.87 0.87 0.87 1.95
8  NuSVC 0.87 0.87 0.87 3.22
9  KNeighborsClassifier 0.86 0.86 0.86 0.34
10 RidgeClassifierCV 0.86 0.86 0.86 1.22
11 LinearSVC 0.86 0.86 0.86 12.06
12 RidgeClassifier 0.86 0.86 0.86 0.47
13 LinearDiscriminantAnalysis 0.85 0.85 0.85 1.28
14 DecisionTreeClassifier 0.85 0.85 0.85 0.55
15  ExtraTreeClassifier 0.85 0.85 0.85 0.24
16  Passive Aggressive Classifier 0.85 0.85 0.85 0.63
17  SGDClassifier 0.83 0.83 0.83 0.49
18  Perceptron 0.82 0.82 0.82 0.67
19  QuadraticDiscriminantAnalysis  0.81 0.81 0.81 2.76
20  AdaBoostClassifier 0.75 0.75 0.75 5.31
21  BernoulliNB 0.72 0.72 0.72 1.37
22 NearestCentroid 0.71 0.71 0.71 0.25
23 LabelSpreading 0.65 0.66 0.61 0.8
24 LabelPropagation 0.65 0.66 0.61 0.7
25 GaussianNB 0.59 0.6 0.53 0.24
26  DummyClassifier 0.49 0.5 0.32 0.21
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Model Performance: Accuracy & F1 Score
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5.3.3. Statistical Assessment for Model Validation and Performance

The unseen test set was then used to evaluate the performance
of the selected LGBM classifier QSAR model. Accuracy, precision,
recall, and F1-score, which are the standard classification metrics were
used to statistically evaluate the QSAR model's performance. These
evaluations were performed using the equations described in method

5.2.6.

The confusion matrix (Fig.5.8) shows strong classification
performance, with 223 true negatives and 241 true positives, and only a
small number of misclassified instances (25 false positives and 21 false
negatives). This suggests the model is both sensitive and specific across
the active and inactive classes. The classification report (Table 5.2)
confirms this with balanced precision, recall, and F1-scores of 0.91 for
both classes. Such alignment indicates consistent performance across
class labels without significant bias toward one class. The macro and
weighted averages also equal 0.91, further validating model stability

across the dataset.

Expanded metrics in Table 5.3 reveal an accuracy of 90.98%, a
precision of 0.9060, and a sensitivity/recall of 0.9198. The specificity
or true negative rate (TNR) of 0.8992 complements this, ensuring both
types of classification errors are minimized. The true positive rate
(TPR) also stands at 0.9198, emphasizing the model's strength in
identifying actual active cases. These results collectively indicate that
the LGBM classifier reliable and robust classifier with strong

generalization capability. The statistical validation not only supports its
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predictive utility but also demonstrates that overfitting is unlikely,
given the balanced and high-performing metrics across all evaluation
parameters. This LGBM classifier QSAR model was then used to
predict the inhibitory activity of molecules of IMPs against Mtb.

I225
200

-175

Confusion Matrix

Inactive

- 150

-125

True Label

- 100

-75

ISD
25

Fig 5.8. Confusion matrix summarizing the classifier’s predictions

Active

Inactive Active
Predicted Label

Table 5.2. The classification report of the actives and inactives

Classification report

Class Precision Recall F1-Score
active 0.91 0.90 0.91
inactive 091 0.92 091
accuracy 0.91
macro avg 0.91 0.91 0.91
weighted avg 0.91 0.91 0.91
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Table 5.3. The expanded evaluation metrics of the ML-QSAR model

Metrics Value
Accuracy 0.9098
Precision 0.9060
Recall (Sensitivity) 0.9198
F1 Score 0.9198
True Positive Rate (TPR) 0.9198

TNR = True Negative Rate, TPR = True Positive Rate

5.3.4. Mechanistic Analysis of Feature Importance

Features that are crucial for bioactivity can be found via feature
importance analysis. LGBM has two types of feature importance
scores: split and gain [31]. To compute the important feature, the
default split feature importance method was used. The feature
importance from the tweaked LGBM model is computed and visualized
as a bar chart, which shows the top 20 most essential features. As
demonstrated in Fig.5.9, the greatest contributing feature was
PubchemFP374, with an importance score of 151. PubchemFP374
feature is a carbon with 3 neighboring hydrogens, regardless of bond
type, i.e., CH3 group. In the context of Mtb drug design, such groups
may enhance the membrane permeability, lipophilicity, and proper

hydrophobic interactions.

The second most important feature is the presence of two or
more oxygen atoms (PubChemFP19) with an importance score of 142.
The existence of such a feature in molecules implies that oxygen-rich

substructures, such as nitro groups, C=0, and OH, are crucial for drug
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inhibition activity. This could be related to binding affinity, solubility,

and enzyme interaction potential.

And the third significant feature is PubChemFP866 with an
importance score of 115 which is a linear alkyl chain with 8 carbon
atoms. Table 5.2 lists the top 20 feature importance with their
respective descriptions. In the dataset, these high-ranking features are
thought to be the most statistically significant for class difference, as
actives and inactives. These identified important features may be
critical for InhA inhibition. A large-scale study focused on compounds

classes having these important features could be highly profitable.

Top 20 Feature Importance
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Fig 5.9. Bar Plots of Feature Importance using Chi-square Test
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Table 5.4. The lists of the top 20 feature importance with their

respective descriptions

Fingerprints Description
PubChemFP374 C(~H)(~H)(~H)
PubChemFP19 >=20
PubChemFP696 C-C-C-C-C-C-C-C
PubChemFP2 >=16H
PubChemFP16 >=4N
PubChemFP3 >=32 H
PubChemFP338 C(~C)(~C)(~H)(~N)
PubChemFP697 C-C-C-C-C-C(O)-C
PubChemFP23 >=1F
PubChemFP569 N-C-C-N
PubChemFP645 O=C-N-C-C
PubChemFP391 N(~C)(~C)(~C)
PubChemFP643 [#1]-C-C-N-[#1]
PubChemFP365 C(~H)(~N)
PubChemFP12 >=16C
PubChemFP299 N-H
PubChemFP259 >= 3 aromatic rings
PubChemFP716 Cclcee(N)cecl
PubChemFP261 >= 4 aromatic rings
PubChemFP712 C-C(O)-C(O)-C

[~ indicate the presence of atom nearest neighbor patterns, regardless of
bond order, "-", "=", and "#" matches a single bond, double bond, and
triple bond]

174



Chapter 5

5.3.5.ML-based screening of medicinal plant molecules

The best LGBM classifier QSAR model was then used to predict
the inhibitory activity of phytochemicals present in IMPs against Mtb.
Figure 5.10 illustrates the distribution of predicted bioactivity classes
for the screened medicinal plant-derived molecules using the trained
machine learning classifier. The bar chart shows that out of the total
predictions, 489 compounds were classified as “active” and 280 as
“inactive”. This distribution highlights a dominant presence of
potentially bioactive compounds in the dataset, suggesting that a
significant portion of the phytochemicals may exhibit relevant
biological effects against the target.

The slight imbalance in class predictions does not indicate bias, as
model evaluation metrics such as precision, recall, and F1-score (refer
to Section 5.3.3) confirm robust and consistent performance across both
classes. This plot supports the utility of the model in rapidly prioritizing
candidates for further experimental validation and helps streamline
downstream drug discovery workflows by filtering out less promising

compounds.
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Distribution of Predicted Classes

Inactive

Predicted Class
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Fig 5.10. Predicted class distribution on unknown phytochemical
dataset

5.3.6 Molecular docking based virtual screening

A machine learning-based screening of 769 phytochemicals
from IMPs revealed 489 to be active against Mtb. These compounds
were subsequently screened using the molecular docking approach. The
top eight molecules were then chosen based on their binding scores,
which are presented in Table 5.5.

The docking analysis revealed that somniferine had the highest
binding affinity, with a score of -11.8 kcal/mol. Other notable
compounds included sitoindoside IX (-11.5 kcal/mol), withanicandrine
(-11.3 kcal/mol), alpha-amyrine (-11.1 kcal/mol), glabrolide (-11.0
kcal/mol), liquoric acid (-11 kcal/mol), withasomnilide (-10.9), and
Withanolide D (-10.9). The majority of these high-scoring ligands are
phytochemicals found in Withania somnifera, a herb known for its
antimicrobial properties. These compounds could be useful adjuvants in

conjunction with conventional anti-tuberculosis drugs. Furthermore,
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Alstonia scholaris provides alpha-amyrine, while Glycyrrhiza glabra
supplies glabrolide and liquoric acid. These medicinal plants are also
said to have significant antimycobacterial properties. Fig. 5.11 depicts
the structures of some of the selected ligands.

Given the current challenges in tuberculosis drug discovery,
these molecules require additional experimental validation to identify
potential anti-TB drug candidates. Furthermore, the medicinal plants
from which these compounds are derived may be useful sources of
antimycobacterial agents, with potential for use as adjuvant therapies in

tuberculosis treatment.

Table 5.5. Binding Affinity of Top 8 Compounds and Their Source
Plants

Docking score

Compound Name of plant
(kcal/mol)
Somniferine -11.8 Withania somnifera
Sitoindoside IX -11.5 Withania somnifera
Withanicandrine -11.3 Withania somnifera
Alpha amyrine -11.3 Alstonia scholaris
Glabrolide -11.1 Glycyrrhiza glabra
Llicoric acid -11 Glycyrrhiza glabra
Withasomnilide -10.9 Withania somnifera
Withanolide D -10.9 Withania somnifera
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Fig. 5.11. The structures of selected molecules with the highest docking
score (A) Somniferine (B) Sitoindoside IX (C) Withanicandrine (D)
Alpha amyrine (E) Glabrolide (F) Llicoric acid (G) Withasomnilide (H)
Withanolide D

5.4. Conclusion

A QSAR modeling framework based on machine learning was
created for this study in order to forecast the anti-tubercular properties
of Indian medicinal plant compounds. PubChem fingerprint descriptors
were utilized to build QSAR models, and their performances were
compared. It was discovered that numerous fingerprint descriptors
performed well in the developed models, showing that they may
capture the feature space of Mtb inhibitor. By quickly evaluating

several classifiers, the LazyPredict tool made it possible to determine
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which model performed best based on classification metrics like
accuracy, Fl-score, and specificity. The LGBM Classifier QSAR
model performed well over other ML classifiers. The finished model
showed strong predictive capabilities, underscoring machine learning's
potential to speed up drug discovery based on natural products. The
model's suitability for ranking promising candidates was further
illustrated by the screening of bioactive phytochemicals using
molecular docking analysis. We can infer from the docking score that
Withania somnifera is one of the key medicinal plants inhibiting Mtb
activity. According to our findings, our LGBM-QSAR classification
model should be considered in the further development of Mtb
inhibitors prediction, and traditional Indian medicinal plants may be
used to treat tuberculosis. Also, the phytochemicals screened may be
used to develop novel TB drugs. All things considered, this strategy
offers a repeatable and scalable pipeline for incorporating
computational techniques into early-stage anti-TB medication

screening.
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6.1. Introduction

Tuberculosis (TB), caused by the pathogen Mycobacterium
tuberculosis (Mtb), remains a serious global health concern due to its
high morbidity and mortality rates [1]. Despite extensive research over
the years, tuberculosis remains a formidable threat, compounded by the
emergence of drug-resistant strains [2]. Addressing this growing
problem necessitates the development of new therapeutic approaches
with distinct mechanisms of action [3]. The complex biology of Mtb, as
well as the difficulty of developing drugs that are both effective and
have minimal side effects, make this a daunting task. As a result,
ongoing research and investment in innovative tuberculosis treatments

are critical for addressing this global health crisis [4].

Mtb has a distinct cell wall composition and slow growth,
making it difficult to develop effective treatments [5]. Existing TB
drugs frequently target specific elements of the Mtb cell wall, such as
mycolic acids or the peptidoglycan layer, in order to weaken the cell
wall's structural integrity and inhibit bacterial growth [6]. Other drugs
target critical metabolic enzymes and pathways, such as folate
biosynthesis, the electron transport chain, and ATP synthase, disrupting
energy production and preventing cell division [7]. Enoyl acyl carrier
protein reductase (InhA), a key enzyme in the fatty acid biosynthesis
pathway responsible for mycolic acid production, has emerged as a
promising target for all Mycobacterium species. InhA's inhibition by
various molecular scaffolds makes it an important target for developing
new tuberculosis therapies [8]. In response to the growing prevalence

of multidrug-resistant (MDR) and extensively drug-resistant (XDR)
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tuberculosis (TB), InhA has been identified as a critical protein target
for the development of potent Mycobacterium tuberculosis (Mtb).
Recognising the importance of the situation, our research focuses on
InhA as the chosen target, using a variety of computational approaches

to tackle this pressing challenge.

The use of computational techniques has helped to accelerate
the search for new lead compounds that target InhA. To find potential
drug candidates that can bind to a biological target like InhA, virtual
screening (VS) is a computational method used in drug development to
evaluate large libraries of small molecules or compounds. The ligand-
based (LBVS) and structure-based (SBVS) methods are the most
common ways to carry out the VS protocol, and each has advantages
and disadvantages of its own [9]. Investigating the chemical structure
of potential bioactive drug candidates for a biological target is the
foundation of the LBVS strategy, which is chosen for novel
computational chemistry simulations, whereas SBVS is used to search
for new bioactive compounds against a specific drug target in a
chemical compound library during the early stages of a drug discovery
campaign [10—13]. Over the years, significant progress has been made
in the identification of InhA inhibitors. Huanxiang Liu and colleagues,
for instance, used ensemble docking and biological assays to identify
new and potent InhA inhibitors [14]. Similarly, Pornpan Pungpo et al.
identified promising inhibitors using in silico screening and
pharmacokinetic prediction, whereas Zeddine Ibrahimi et al. created a
3D-pharmacophore model and identified potential direct inhibitors

using in silico methods [15,16]. To identify a lead compound targeting
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InhA, this study used a structure-based virtual screening (SBVS)
approach in conjunction with molecular docking, molecular dynamics
simulations (MDs), and molecular mechanics Poisson-Boltzmann
surface area (MM-PBSA) calculations. The selected ligands were also
evaluated for drug-likeness, physicochemical and pharmacokinetic
properties, and electronic structure using density functional theory

(DFT).

6.2. Materials and Methods
6.2.1. Virtual Screening and Molecular Docking

ZINC 15 is a publicly accessible repository of chemical
compounds that can be purchased, with over 997 million molecules
available in 3D configurations suitable for virtual screening [17-19].
For this study, we used a curated dataset of 2,310,097 "in-stock" lead-
like molecules with neutral charges, formatted as pdbqt files and ready
for docking studies with AutoDock Vina. These lead-like molecules
were chosen using specific criteria: a molecular weight range of 250-
350 g/mol, a predicted partition coefficient (xLogP) not greater than

3.5, and a maximum of 7 rotatable bonds.

The three-dimensional X-ray crystallographic structure of InhA
in complex with isonicotinic-acetyl-nicotinamide-adenine dinucleotide
(ZID) (PDB ID: 1ZID) at 2.70 A resolution was retrieved from the
Protein Data Bank (PDB) [20]. Prior to molecular docking, the protein
was prepared using BIOVIA Discovery Studio. Polar hydrogen atoms
were added to the protein structure to eliminate potential docking

interference and water molecules and heteroatoms were removed. A
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specific ligand conformation was chosen from multiple poses in the
crystal structure, and the X, Y, and Z coordinates were recorded to
determine the binding affinity. Ligands were assigned Gasteiger
charges using MGL Tools (AutoDock Vina), which also made it easier
to convert the protein file format from PDB to PDBQT (Protein Data
Bank with Partial Charges and Atom Types), which is required for
AutoDock Vina [21,22].

Molecular docking was performed using AutoDock Vina. The
Vina scoring function, an empirical free-energy scoring function
integrated within the software, was used to estimate binding affinities
expressed in kcal/mol. The docking grid was centered on the active site
of InhA based on the coordinates of the co-crystallized ligand in the
1ZID structure. The grid center was set at x = —4.346558, y =
34.669423, and z = 13.433750. The grid box dimensions were defined
as 20 x 20 x 20 A to adequately cover the substrate-binding pocket and
surrounding active site residues. The exhaustiveness parameter was set
to 8 to ensure sufficient conformational sampling while maintaining
computational efficiency. The best binding pose for each ligand was

selected based on the lowest predicted binding energy.

The compounds were evaluated using their docking scores and
interaction profiles, and the top five candidates were chosen. The
binding poses and interactions of these compounds were analysed and

visualised using the Discovery Studio Client 2021.
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6.2.2.Molecular dynamics simulation

An automated protein-ligand protocol developed at SiBioLead
that makes use of the GROMACS simulation package was used to
carry out the molecular dynamics (MD) simulations [23]. The
simulation setup used the OPLS/AA force field, with ligand parameters
generated using AMBERTOOLS and the ACPYPE package [24]. The
protein-ligand complex was immersed in a triclinic box containing SPC
water molecules and neutralised with NaCl counter ions. To simulate
physiological conditions, an additional 0.15 M concentration of NaCl
was introduced. The system was equilibrated using NVT and NPT
ensembles over 300 ps. Trajectory snapshots were taken every 20 ps,
resulting in 5000 frames. These trajectories were analysed using
GROMACS' integrated tools, and the results were displayed using

xmgrace.

6.2.3. MM-PBSA calculation

The binding free energy (AGbinding) of protein-ligand complexes
was calculated. The molecular mechanics Poisson-Boltzmann surface
area (MM-PBSA) method was used to estimate binding free energies,
with an automated plugin available on the SiBioLead server [25,26].
Equation 6.1 was used to compute the binding free energy for each

frame.
AGbind = AGcomplex_ (AGreceptor +AGligand) (6.1)

6.2.4. ADMET profile

A computational assessment was performed to assess the

selected compounds' physicochemical properties and pharmacokinetic
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profiles, with a focus on absorption, distribution, metabolism,
excretion, and toxicity (ADMET). The web-based tools SwissADME
and pkCSM were used to conduct the evaluations [27,28]. SwissADME
provides an accessible platform with a variety of predictive models for
analysing pharmacokinetics, drug-likeness, physicochemical properties,
and compatibility with medicinal chemistry principles. On the other
hand, pkCSM is a free web server that uses graph-based molecular
signatures to predict ADMET properties. These signatures encode
atomic distance patterns, which represent molecular structures and

serve as training data for predictive algorithms.
6.2.5.DFT studies

The quantum chemical calculations were performed, and the
geometries of all the structures were fully optimized with M06-2X/6-
311++G (d, p) level of theory using the Gaussian 16W suite [29].
Density Functional Theory (DFT) has become a widely adopted
computational tool due to its convenience and accuracy in predicting
physical and chemical properties. This accuracy stems from its ability
to determine electron density and energy properties effectively.
According to the literature, within the Minnesota family of functionals,
the M06-2X functional stands out for its top performance in quantum
chemical calculations [30-32]. Its reliability makes it an excellent
choice for a wide range of studies. The output verification files were
analysed using GaussView 6.0 [33]. The electrostatic surface potential
(ESP), the HOMO-LUMO energy, and thermochemical parameters

(thermal energies, thermal enthalpies, thermal free energies, hardness,
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softness, ionization energy, and electron affinity) of the ligands were

obtained from the optimized geometry.

6.3. Result and Discussion
6.3.1. Virtual Screening and Molecular Docking

Molecular docking was used to determine the molecular
interactions and binding affinities of a protein-ligand complex. The
most promising ligands were chosen and prioritised based on their
binding orientation and affinity to the protein's active site. A
comprehensive virtual screening of the extensive ZINC database, which
contains millions of known compounds, resulted in the identification of
158 candidates with good binding affinity. 25 compounds had binding
energies ranging from -11.5 to -12.1 kcal/mol. Compounds with
binding energies greater than -11.7 kcal/mol were chosen for further
analysis. Table 6.1, summarises the docking results for the top-ranked
ligands within InhA's active site. The binding energies of
ZINC82139221, ZINC4090770, ZINC401340, ZINC49940, and
ZINC35877800 were —12.1, —11.9, —11.9, —11.8, and —11.7 kcal/mol.
Among these, ZINC000082139221 showed the highest binding affinity,
outperforming all other compounds. Tables 6.1 and 6.2 detail the
interactions and critical residues within the InhA active site, which

were used to identify the lead compound.
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Table 6.1. The Docking score of the top ranked five compounds in the

active site of InhA.

Residues Docking
Compounds Structure involved in Distance | score
hydrogen A) (kcal/mol)
bonding
Gly96, Ser20 2.20,2.08 | -12.1
ZINCS82139221
Q lle194, Alal91, | 1.95, -11.9
Gly192 2.86,2.33
ZINC4090770 \..
O‘O‘O Val65, Gly14 2.03,3.49 | -11.9
ZINC401340
Thr39, Ilel5 2.30,2.10 | -11.8
ZINC49940
lle194, Alal91, | 1.87, -11.7
Gly192 3.09,2.47
ZINC35877800
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Table 6.2. The protein-ligand interactions for top-ranked compounds in
the active site of InhA.

Compounds Residues involved in protein- | Type of interaction
ligand interaction
Gly96, 11e95 Pi-Sigma
ZINC82139221 [le22, Phe41 Pi-Pi stacked
Val65 Pi-Alkyl
Met147, Metl55 Pi-Sulfur
ZINC4090770 Phel49 Pi-Pi stacked
Pro193, Ile21, Alal91 Pi-Alkyl
Thr39, 11e95 Pi-Sigma
ZINC401340 Phe41, Phe97 Pi-Pi stacked
11e95, Leu63,Val65 Pi-Alkyl
Phe97 Pi-Sigma
ZINC49940 Phe41, Phe97 Pi-Pi stacked
Val65, 11e95, 1le122 Alkyl
Phedl, Tle122 Pi-Alkyl
Met147, Metl155 Pi-Sulfur
ZINC35877800 Phe149 Pi-Pi stacked

Ile21, Alal91,Pro193

Pi-Alkyl

The compound ZINC82139221 formed a hydrogen bond with

the residues of Gly96 and Ser20, n—= stacking interactions with Ile22

and Phe41, showed a n-sigma interaction with Gly96, I1e95 and n -alkyl
interaction with Val65 residues. Also, ZINC4090770 formed a
hydrogen bond with Ile194, Alal91 and Gly192, participated in the n—n

stacking interactions with Phel49, m-alkyl interactions with Pro193,
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Ile21, Alal91 and zm-sulfur interactions with Met147, Metl55 residues.
The analysis of docking results for ZINC401340 displayed that this
compound made the hydrogen bond interaction with the residues of
Val65 and Glyl4, n—=n stacking with Phe4l and Phe97, m-sigma
interactions with Thr39, I1e95 and 11e95, and Pi-Alkyl interactions with
Leu63, Val65 residues. ZINC49940 showed two hydrogen bonds with
Thr39, Ilel5, two m-alkyl interactions with Phe4l, Ile122, two =
stacking interactions with Phe41, Phe97, one m-sigma interaction with
Phe97 and three Alkyl interactions with Val65, 11e95 and Ilel122
residues. ZINC35877800 showed a m-alkyl interaction with the Ile21,
Alal91 and Pro193 residues of the InhA, respectively. In addition, this
compound formed three hydrogen bonds with Ile194, Alal91, Gly192,
n—n stacking interaction with Phel49 and two Pi-Sulfur interactions
with Met147, Metl55. Fig. 6.1 shows the molecular interaction

between the five top ranked hits and receptor.
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Fig. 6.1. 3D and 2D Interactions and orientations of ZINC82139221
(A, B), ZINC4090770 (C, D), ZINC401340 (E, F), ZINC49940, (G, H)
and ZINC35877800 (I, J) in the binding pocket of InhA

6.3.2.Molecular dynamics simulation results

The dynamic behaviour of the studied systems was explored
through molecular dynamics simulations, giving further confirmation
for the molecular docking findings. The top-ranked five ligands from
the docking experiments were used for the MD simulations. To better
understand their behaviour, molecular dynamic simulations were used
to calculate the Root Mean Square Deviation (RMSD) and Root Mean
Square Fluctuation (RMSF). RMSD quantifies the average positional
deviation between corresponding atoms in two aligned molecular
structures, providing information about the system's overall stability.
RMSF, on the other hand, measures the degree of fluctuation of
specific atoms or groups of atoms relative to a reference structure,
taking into account all relevant atoms. This metric aids in determining
structural flexibility, with higher RMSF values indicating flexible
regions such as loops or loosely bonded areas, whereas lower values

indicate more rigid and stable regions, which frequently correspond to

195



Chapter 6

secondary structural elements such as helices and sheets. Solvent
Accessible Surface Area (SASA) refers to the portion of the protein-
ligand complex that interacts directly with solvent molecules.
Variations in SASA values reflect structural changes; increases indicate
expansion, while decreases indicate greater compactness and stability.
Hydrogen bonds, which play an important role in ligand binding, are
essential for determining interaction specificity and influencing drug
absorption and metabolism. Another stability indicator, the radius of
gyration (Rg), was calculated. Rg measures the compactness of the
protein-ligand complex, with lower values usually indicating a more
stable and compact structure. These parameters, when combined,
provide comprehensive insights into the dynamics and stability of the

complexes under study.

The RMSD, RMSF, SASA, number of hydrogen bonding, and
Rg for the InhA in complexation with ZINC82139221 are shown in
Fig. 6.2. In the receptor- ZINC82139221 complex, the RMSD value
(Fig. 6.2A) remains below 0.1 nm (1A) ranging from 0.01 to 0.05 nm.
This low RMSD indicates that the ligand remains relatively stable
within the binding site, with minimal fluctuations. The RMSF values
(Fig. 6.2B), observed in the range of 0.05-0.3 nm, suggest that the
protein maintains a relatively stable structure with localized flexibility.
A maximum of four hydrogen is observed between the receptor and
ligand (Fig. 6.2C). The low Rg values (Fig.6.2D) fluctuating between
1.84 and 1.87 nm, indicate the stability of the complex, which can be
correlated to the compactness of the structure. The SASA plot (Fig.
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6.2E) shows minimal fluctuations during ligand binding, with lower

values suggesting greater stability and compactness.
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Fig. 6.2. The RMSD, RMSF, SASA, number of hydrogen bonds, and
Rg plots of the InhA - ZINC82139221 complex.

The RMSD, RMSF, SASA, number of hydrogen bonding, and
Rg for the InhA in complexation with ZINC4090770 are given in Fig.
6.3. In the receptor- ZINC4090770 complex, the RMSD values (Fig.
6.3A) remain below the 0.1 nm (1A) ranging from 0.01 to 0.08 nm with
considerable fluctuations. This low RMSD Indicates that the ligand
remains relatively stable within the binding site. The RMSF values
(Fig. 6.3B) observed in the range of 0.05-0.3 nm indicate that the
protein maintains a relatively stable structure with localized flexibility.

A maximum of four hydrogen bonds are observed between the receptor
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and ligand (Fig. 6.3C). The Rg values (Fig. 6.3D), ranging from 1.82
and 1.85 nm, indicate the stability of the complex, which can be
correlated to the compactness of the structure, despite notable
fluctuations. The SASA plot (Fig. 6.3E) shows multiple fluctuations
during ligand binding with a slight increase though the values still

suggest stability and compactness.
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Fig. 6.3. The RMSD, RMSF, SASA, number of hydrogen bonding, and
Rg plots of the InhA-ZINC4090770 complex.

Fig. 6.4., shows the RMSD, RMSF, SASA, number of
hydrogen bonds, and Rg for InhA complexed with ZINC401340. The
RMSD values in this complex (Fig. 6. 4A) range from 0.01 to 0.05 nm,
which is consistently less than 0.1 nm (1A). Low RMSD values

indicate that the ligand is relatively stable within the binding site, with
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minimal fluctuations. The RMSF values (Fig. 6.4B) ranged from 0.05
to 0.4 nm, indicating that the protein maintains a stable structure with
localised flexibility. A maximum of two hydrogen bonds are detected
between the receptor and ligand (Fig. 6.4C), though this number is
lower than that observed for other molecules. The Rg values (Fig.
6.4D), which range between 1.82 and 1.85 nm, reflect the complex's
stability and compactness, despite noticeable variations. The SASA
plot (Fig. 6.4E) shows some fluctuations during ligand binding, but the

overall decrease in values indicates greater structural stability and

compactness.
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Fig. 6.4. The RMSD, RMSF, SASA, number of hydrogen bonding,
and Rg plots of the InhA - ZINC401340 complex.

Fig. 6.5 illustrates the RMSD, RMSF, SASA, number of
hydrogen bonds, and Rg of InhA in complex with ZINC49940. The
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RMSD values in this complex (Fig. 6.5A) are consistently less than 0.1
nm (1A), ranging from 0.01 to 0.08 nm, with occasional fluctuations.
These low RMSD values indicate that the ligand remains relatively
stable within the binding site. The RMSF values (Fig. 6.5B) range from
0.05 to 0.3 nm, indicating that the protein structure is stable with
localised flexibility. The receptor and ligand form up to three hydrogen
bonds (Fig. 6.5C), indicating a moderate level of interaction strength.
The Rg values (Fig. 6.5D) range from 1.82 to 1.87 nm, indicating the
complex's stability and compactness. Similarly, the SASA plot (Fig.
6.5E) shows minimal variations during ligand binding, indicating that

the complex is structurally stable and compact.

RMSD Hydrogen Bonds
A LG afer o it LIG C
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Fig. 6.5. The RMSD, RMSF, SASA, number of hydrogen bonding, and
Rg plots of the InhA - ZINC49940 complex.
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Fig. 6.6., shows the RMSD, RMSF, SASA, number of
hydrogen bonds, and Rg of InhA in complexation with ZINC35877800.
In the receptor-ZINC35877800 complex, the RMSD values (Fig. 6.
6A) range from 0.01 to 0.04 nm. This low RMSD reflects the ligand's
relative stability within the binding site, with only minor fluctuations.
The RMSF values (Fig. 6.6B) range from 0.05 to 0.3 nm, indicating
that the protein has a stable structure with localised flexibility. A
maximum of three hydrogen bonds are observed between the receptor
and the ligand (Fig. 6.6C). The Rg values (Fig. 6.6D) vary significantly
between 1.81 and 1.85 nm, indicating the complex's stability, which is
linked to structural compactness. Meanwhile, the SASA plot (Fig.
6.6E) shows noticeable fluctuations during ligand binding, but the

overall values indicate that the complex is more stable and compact.

According to the MD simulation results, all of the complexes
have favourable values and show overall stability. Among them,
ZINC82139221 has values comparable or similar to the other
complexes but stands out for its low fluctuations, indicating a relatively
stable interaction within the binding site. We carried out MM-PBSA
free energy calculations to investigate and validate the stability and
binding affinity of these complexes. This analysis provided additional
insights into binding free energies, as well as a quantitative assessment

of the ligand-receptor complexes’ interaction strength and stability.
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Fig. 6.6. The RMSD, RMSF, SASA, number of hydrogen bonding, and
Rg plots of the InhA - ZINC35877800 complex.

6.3.3. Free energy calculations

The binding free energies of the target protein-ligand complexes
with InhA were determined using MM-PBSA, which provides critical
information about the thermodynamic stability of these interactions.
Table 6.3, shows the calculated Gibbs free energy values for the
compounds ZINC82139221, ZINC4090770, ZINC401340,
ZINC401340, and ZINC5877800, which were -39.01, -38.02, -37.56, -
36.27, and -32.66 kcal/mol, respectively. Negative Gibbs free energy
values indicate ligand-protein interactions that are thermodynamically
favourable and stable. These calculations took into account molecular
mechanics, solvation effects, and entropy changes, confirming the
complexes' stability and binding strength as observed in the simulations

[34]. While the binding energy differences were minor, ZINC82139221
202




Chapter 6

had a slightly higher binding affinity than the other compounds,
consistent with docking and MD simulation results. In addition, as part
of our comprehensive study, the pharmacokinetic properties of all
compounds were examined to determine their potential suitability for

future drug development.

Table 6.3. Binding free energy (Kcal/mol) for the selected compounds
of InhA

compounds AGpbinding
ZINC82139221 -39.01
ZINC4090770 -38.02
ZINC401340 -37.56
ZINC49940 -36.27
ZINC35877800 -32.66

6.3.4. Pharmacokinetic profile

The compounds' pharmacokinetic properties and toxicity
profiles were determined using the pk-CSM and SwissADME
webservers [35]. Tables 6.4 and 6.5 gives a detailed summary of the
ADME-Tox analysis carried out on these platforms. Key Lipinski Rule
of Five (Ro5) parameters, such as molecular weight (MW), hydrogen
bond acceptors (HBA), and hydrogen bond donors (HBD), were
examined for their relevance to ligand interactions with the protein's
active site. Unlike these parameters, the lipophilicity index (LogP) is
experimentally determined and reflects the compound's biophysical

properties. The topological polar surface area (TPSA) is an important
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parameter that indicates a compound's ability to penetrate cell
membranes [36]. Values above 140 A indicate reduced penetration
[37]. All of the studied compounds passed the Ro5 criteria as well as

Ghose and Veber and were within acceptable limit.

Table 6.4. Summary of physicochemical properties of selected
compounds against InhA determined using SwissADME web tool.

" Lipinski/
E Ghose/
= < > ose
3 2 =8 |8/g | ¢
g = | = = = Veber
o violations
ZINC82139221 | 346.38 1 | 26648 | 2.1 0

ZINC4090770 331.37 2.21

BN W
S| N
—
AN
(9]
\S)

ZINC401340 338.41 0 | 68.28 | 3.28

0
0
ZINC49940 26934 | 1 1 1 | 51.26 | 1.97 0
ZINC35877800 | 317.28 | 2 3 1015692271 0

Drug interactions with the human body can be predicted using
parameters like human intestinal absorption (HIA%), in vitro plasma
protein binding, and blood-brain barrier (BBB) permeability, which
reflect the drug's distribution profile. The HIA% values for the selected
ligands ranged from 92.42 to 100%, indicating efficient intestinal
absorption. Furthermore, these ligands demonstrated good cell
membrane permeability, with in vitro Caco-2 cell permeability values
falling within acceptable limits. The negative values for in vitro skin
permeability imply that the compounds have minimal or no skin

penetration. The majority of the compounds had BBB permeability
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values that were below or near the crossing threshold, indicating a low
risk of neurotoxicity [38]. Furthermore, all of the ligands had
acceptable plasma protein binding (PPB) values, and all compounds

performed well across all of the parameters tested.

Table 6.5. ADME Properties of Selected compounds Analysed Using
the pk-CSM Web Server.

Absorption
compounds Distribution
Caco-2 per- | HIA% | Skin Per- | BBB | PPB
meability meability
ZINC82139221 0.94 97.82 -2.75 -0.28 | 0.19
ZINC4090770 0.72 95.55 -2.74 0.34 | 0.13
ZINC401340 1.04 100.00 -2.73 -0.30 | -1.22
ZINC49940 1.29 92.42 -2.75 0.37 | 0.24
ZINC35877800 1.25 92.64 -2.73 0.27 | 0.74

Table 6.6, shows the toxicity profiles for the selected
compounds. Two of the compounds tested were found to be Ames
toxicity-free. Carcinogenicity tests revealed that four of the ligands
were not carcinogenic, while one compound had mild toxicity. Given
that blocking hERG K+ channels can cause QT interval prolongation
and potentially fatal outcomes, this parameter was assessed. The results
showed that one compound had moderate toxicity, while the other four

were considered safe. Drug-induced liver injury, an important factor in
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ADMET evaluations, varied from safe to moderately toxic across the
compounds. Overall, ZINC82139221 had the best safety profile of any
tested ligand and is regarded as a promising candidate for InhA enzyme
inhibition. Nonetheless, other ligands were considered for additional

DFT analysis due to their moderate risk levels.

Table 6.6. Toxicity profile for selected compound performed using pk-
CSM webserver.

Liver
hERG
AMES Injury I
compounds Carcinogenesis | Inhibitors
toxicity (DILI)
ZINC000082139221 safe safe safe safe
ZINC000004090770 | Medium | safe safe Medium
toxic toxic
ZINC000000401340 | safe less toxic safe Medium
toxic
ZINC000000049940 | High Safe safe Medium
toxic toxic
ZINC000035877800 | Medium | safe Medium low
toxic toxic toxic

6.3.5. DFT analysis

The optimization of ligands was initially conducted using the
M06-2X/6-311++G (d, p) level of theory in the gas phase, and the
results obtained from this optimization are presented in Table 6.7. The

vibrational frequencies were calculated at the same level of theory to
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confirm that all stationary points correspond to minima, with zero
imaginary frequencies. Fig.6.7., represents the optimised image of the

ligands.

Table 6.7. The geometric parameters of the ligands.

Compounds Optimization | Polarizability Dipole

energy (o) (a.u.) moment

(hartree) (Debye)

ZINC82139221 -1146.162624 | 255.110000 3.886856
ZINC4090770 -1086.968257 | 249.811667 6.254238
ZINC401340 -1145.151355 | 266.195333 0.001204
ZINC49940 -860.542533 208.717667 3.671247
ZINC35877800 -1012.933965 | 250.665333 3.812681
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Fig. 6.7. Optimized structures of the Ligands a) ZINC82139221, b)
ZINC4090770, ¢) ZINC401340, d) ZINC49940, and e) ZINC35877800
at M06-2X/6—311++G(d,p) level of theory.

Locality in physical space is vital for understanding chemical
reactivity and plays a key role in predicting molecular properties,
particularly protein-ligand interactions. The concept of molecular
orbitals (MO) in the quantum mechanical treatment of chemical
systems has been highly successful over the past several decades.
Since the Frontier molecular orbitals (FMOs), particularly the highest
occupied molecular orbitals (HOMOs) and the lowest unoccupied
molecular orbitals (LUMOs) pinpoint the locality of chemical bonds,
also along with the HOMO-LUMO gap have been extensively utilized
by chemists to analyse the reactivity and regioselectivity of diverse
chemical systems. The results of HOMO, LUMO locations in the
ligands and their energy gap are given in Fig. 6.8. The cyan and blue
color distributions represent the positive and negative phases,
respectively, in the MO wave function. It is noticed that all the five
ligands possess almost similar energy gap, approximately of 6.3-6.9
eV, all the molecules are expected to exhibit comparable chemical

reactivity and stability.
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The energetic descriptors; ionisation potential (IP), electron
affinity (EA), electronegativity (), hardness (1), chemical potential (p),
softness (S) and electrophilicity index (®) values of all the five ligands
were identified utilizing the HOMO and LUMO energies and tabulated
in Table 6.8. The equations behind the calculation are given in
(Equations 6.2-6.8). These quantities represent the linear responses of
the electron density to variations in the external potential and the
number of electrons. Hardness reflects the overall stability of a system
and fundamentally indicates its resistance to the deformation or
polarization of the electron cloud when subjected to small perturbations
during chemical reaction[39]. Softness is inversely proportional to
chemical hardness. Low hardness value of ligands ZINC401340 and
ZINC49940 suggests a heightened potential for chemical reactivity as
evident from the smallest HOMO-LUMO energy gap value of 6.33 and
6.29 eV. Moreover, the comparatively high value of electron affinity
(2.81 eV) and high value of IP (9.14 eV), reveals that it is difficult to
remove an electron from the ligand ZINC401340 than to accept[40—
42]. Moreover, the electronegativity of the ligand is also found to be
relatively high, approximately 5.97 eV, allowing it to retain some
charge. Since the chemical potential refers to the tendency of an
electron to escape[43], and the electrophilic index indicates the strength
of a species' electrophilicity [44], the relatively high values of both for
the ligand ZINC401340 (chemical potential of -5.97 eV and
electrophilic index of 5.64 eV), in comparison with other ligands,
suggest a higher likelihood of electron transfer, where the ligand

ZINC401340 will accept electrons during the process. Hence,
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compared to ZINC401340, all other ligands are expected to act as

electron donors during their interaction with the protein system.

Ionization potential (IP) = -Enomo (6.2)
Electron Affinity (EA) =-ELumo 6.3)
(6.4)
Electronegativity ( ;() = P -;EA
Chemical hardness (77) = IP—E4
2 (6.5)
Chemical potential(u) =—y (6.6)
. 1
Chemical softness (S) =—
2n (6.7)
2
Electrophilicity index(a)) =2
2n (6.8)
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Evrumo =-0.33 eV
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Fig. 6.8. DFT calculated HOMO(Enomo), LUMO (ELumo), and their
energy gap (AE) for a) ZINC82139221, b) ZINC4090770, c)
ZINC401340, d) ZINC49940, and e) ZINC35877800 at M06-2X/6—
311++G (d,p) level of theory (Isovalue = 0.02).

Table 6.8. Energetic parameters of the ligands under investigation
(Unit eV and for softness eV ')

Compounds IP EA % n p S (0]

ZINC82139221 7.47 0.51 4.00 3.47 | -4.00 | 0.14 | 2.30
ZINC4090770 7.10 0.52 3.81 329 | -3.81 | 0.15 | 2.20
ZINC401340 9.14 2.81 5.97 3.16 | -5.97 | 0.16 | 5.64
ZINC49940 6.68 0.39 3.53 3.14 | -3.53 | 0.16 | 1.98
ZINC35877800 6.78 0.33 3.56 323 ] -3.56 | 0.16 | 1.96
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The electrostatic potential offers a visual representation of the
chemically active sites and atomic reactivity. A detailed analysis of the
ESP of the title compound will provide valuable insights into the key
interactions between the compound and DNA bases. The analysed
electrostatic potential map of the ligands is shown in Fig.6.9. The red
spheres on the electrostatic potential graph represent the negative
charge sites. The map specified the balanced charge distribution in all

the ligands which facilitates the binding of the compound to biological

enzymes.
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Fig. 6.9. The ESP of a) ZINC82139221, b) ZINC4090770, c)
ZINC401340, d) ZINC49940, and e) ZINC35877800 at M06-2X/6—
311++G (d,p) level of theory

6.4.Conclusion

The aim of this study was to identify potential InhA inhibitors, a
critical target in combating drug-resistant tuberculosis, using an in
silico structural-based virtual screening approach. A comprehensive
workflow was utilised, including molecular docking, MD simulations,
MM-PBSA binding energy calculations, drug-likeness evaluation,
physicochemical and pharmacokinetic property assessments, and DFT
analysis. Through virtual screening based molecular docking, five top-
ranking compounds were selected from the ZINC 15 “in-stock™ lead-
like molecules library due to their high binding affinities. MD
simulation analysis revealed that all selected compounds had similar
RMSD, RMSF, hydrogen bond, Rg, and SASA values, indicating
favourable interactions and overall stability of the ligand-protein
complexes. The MM-PBSA calculations confirmed the thermodynamic
stability of the complexes, as all tested compounds had negative Gibbs

free energy values, indicating energetically favourable ligand-protein
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interactions. Based on pharmacokinetic and ADMET profiling,
ZINC82139221 was identified as the most promising compound in
terms of safety and pharmacokinetics. Other candidates, such as
ZINC4090770, ZINC401340, ZINC49940, and ZINC35877800, also
showed strong inhibitory activity and favourable properties. DFT
analysis showed the balanced charge distribution in all the ligands
which facilitates the binding of the compound to biological enzymes.
These findings indicate that ZINC82139221 is a highly promising lead
compound, while the other compounds chosen are viable candidates for

further experimental and clinical testing as potential InhA inhibitors.
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Conclusion and Future Outlook

Mycobacterium tuberculosis, the bacteria that causes TB, is a
global health problem, impacting millions of people worldwide.
Effective treatment and control of TB are significantly hampered by
drug-resistant TB (DR-TB). As DR-TB rates rise, new medications are
being developed, and existing medications are being repurposed to treat
DR-TB. The development of active compounds that can be utilised in
future chemotherapeutic development to combat global tuberculosis
resistance has been made possible by the advancement of
computational techniques in drug design with a new generation of
software. The contemporary method utilizes computational methods,
including cheminformatics and bioinformatics, along with extensive
data mining and curation, to propose biological targets and the small-
molecule modulators that affect them. A variety of cheminformatics
and computer-aided drug design techniques were employed in this
study to aid in the identification of new and promising therapeutic
candidates. These techniques provide quick and affordable ways to
speed up antitubercular drug discovery and fight resistance by utilising

both structure-based and ligand-based insights.

In the initial phase, we characterised the chemical space of Mtb-
targeting  compounds by  performing a  comprehensive
chemoinformatics analysis of small molecules. We accomplished this
by comparing two distinct types of Mtb inhibitor datasets chemical
space with FDA-approved drugs and nutraceutical drugs datasets. Mtb
inhibitors are typically less polar or equally polar when compared to
approved drugs, according to the analysis of physicochemical property

distributions. It was also discovered that Mtb inhibitors exhibited
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comparable flexibility. A visual representation of the property space
showed that, in comparison to the property space occupied by the other
three datasets, the Mtbs dataset only occupies a small portion of the
space. Furthermore, while the majority of the compounds in the
Phytochemicals dataset are found in the Drugs dataset's property space,
some of the compounds are found in regions of the chemical space that
are not yet occupied by existing drugs. The Mtb dataset covers some of
the same chemical space as some of the compounds found in the
Phytochemicals and Nutraceuticals datasets. The compounds in the
Mtbs dataset have less structural diversity than those in all other
datasets, according to the structural diversity of the datasets calculated
using the PCP descriptors and fingerprint representations. Nonetheless,
the scaffold analysis found a number of promising candidates in the
phytochemical and Mtbs datasets that might be used as a starting point
for the rational discovery of new Mtb inhibitors. Significant
redundancy was also found in the group of chemical molecules that

target Mtb, according to similarity analysis

After exploring chemical space, we used landscape modeling - a
methodical pairwise comparison of structural and activity similarities -
to visualize the SAR that we had extracted from the InhA inhibitors
dataset. We further searched for activity cliffs, and in order to provide a
structural interpretation of the characteristics that lead to activity cliffs,
these compounds were further examined wusing protein-ligand
interactions. The analysis of the inhibitors' activity landscape showed a
largely heterogenecous SAR, with some compound pairs located in

activity cliff regions and the majority in similarity cliff regions. Within
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the InhA inhibitor dataset, we found ten noteworthy activity cliff
generators, each of which has crucial pharmacophoric characteristics
that enhance its potency. A study of these cliffs and compound pairs
revealed that they are all derivatives of pyrrolidine carboxamide, a new
class of inhibitors of InhA. According to docking analysis, ligands'
interactions with the protein are improved by small structural changes.
Furthermore, the docking results were validated by MM-PBSA
calculations and molecular dynamics simulations, which revealed
reduced RMSD and free energy values. These results suggest that
compounds with an activity cliff have a stronger affinity for the protein
pocket. A better understanding of the essential molecular characteristics
needed for InhA drug development, as well as the development of more
effective and reliable QSAR models for InhA inhibitors, may result

from discovering and addressing these activity cliffs.

Building on the earlier computational approaches, we then
present an integrated machine learning (ML)-based QSAR pipeline that
develops and evaluates predictive models capable of differentiating
between compounds that are active and inactive against Mtb. After that,
the trained model is used to screen a library of phytochemicals present
in Indian medicinal plants. Lastly, molecular docking was used to find
the best InhA inhibitors. Our results suggest that traditional Indian
medicinal plants may be used to treat tuberculosis, and that our LGBM-
QSAR classification model should be taken into account in the future
development of Mtb inhibitors prediction. Additionally, the
phytochemicals screened could be utilised to create new TB drugs. All

things considered, this approach provides a scalable and repeatable
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pipeline for integrating computational methods into early-stage screen

for anti-TB drugs.

The last part of this study involved finding a lead compound
that targets InhA using a structure-based virtual screening (SBVS)
method in combination with molecular docking, molecular dynamics
simulations (MDs), and molecular mechanics Poisson-Boltzmann
surface area (MM-PBSA) calculations. The chosen ligands were also
assessed for drug-likeness, physicochemical properties, and
pharmacokinetics. The electronic structure was then evaluated with
DFT. Five top-ranking compounds were selected through virtual
screening-based molecular docking. All chosen compounds had
comparable RMSD, RMSF, hydrogen bond, Rg, and SASA values,
according to MD simulation analysis, suggesting favourable
interactions and general stability of the ligand-protein complexes. The
thermodynamic stability of the complexes was validated by MM-PBSA
calculations, as all compounds under test had negative Gibbs free
energy values. The most promising compound in terms of safety and
pharmacokinetics was determined to be ZINC82139221, based on
pharmacokinetic and ADMET profiling. ZINC4090770, ZINC401340,
ZINC49940, and ZINC35877800 were among the other candidates that
demonstrated notable inhibitory activity and favourable characteristics.
DFT analysis revealed that all of the ligands had a balanced charge
distribution, which makes it easier for the compound to bind to

biological enzymes.

Therefore, throughout the entire study, we have attempted to

build QSAR models that can forecast the InhA inhibitory potency of
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any given compound and to broaden the InhA chemical space by
finding new InhA inhibitors through virtual screening. The current

work may be extended in a number of ways in the future.

o The in vitro examination of possible InhA hits that are filtered

through different cheminformatics tool.

. Perform additional research on cliff generators that are present
in the structure-activity landscape of InhA inhibitors' activity

cliff region.

o Utilising a smooth SAR region of the structure-activity
landscape of InhA inhibitors, generate QSAR models of InhA

inhibitors.

o Our ML-based QSAR classification model can be deployed as a
web tool to identify InhA inhibitors in the future.

o Identify new InhA inhibitors using ligand structure-based drug

design methods to broaden the chemical space.
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