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Summary

This work aims to investigate thiazolidinone derivatives and evaluate their drug potential through the integration of computational
chemistry and machine learning techniques. Density Functional Theory (DFT) calculations were performed to extract important quantum
chemical descriptors, including HOMO and LUMO energies and the energy gap, in addition to physicochemical descriptors such as LogP, TPSA,
and molecular weight. The pharmacokinetic and drug-likeness properties of these compounds were also evaluated using ADMET parameters and
Lipinski’s Rule of Five.

The study employed Quantitative Structure—Activity Relationship (QSAR) modeling combined with artificial intelligence and machine
learning techniques to develop predictive models capable of correlating molecular descriptors with ADMET properties. The results revealed clear
relationships between molecular structure and the electronic and pharmacological properties of the investigated compounds. Furthermore, several
molecular descriptors were identified as key factors influencing pharmacokinetic behavior and bioavailability.

The findings demonstrate the effectiveness of combining DFT calculations with machine learning approaches for predicting the
pharmacological properties of thiazolidinone derivatives, thereby accelerating the drug discovery process and reducing experimental costs.
Moreover, the study enabled the identification of several promising compounds that may serve as potential candidates for the development of

new drugs with high therapeutic efficacy and low toxicity.

Keywords: Thiazolidinone, DFT, QSAR, Artificial Intelligence, Machine Learning, ADMET.
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Ce travail vise a étudier les dérivés de la thiazolidinone et a évaluer leur potentiel pharmacologique en combinant les techniques de
chimie computationnelle et d’apprentissage automatique. Des calculs basés sur la Théorie de la Fonctionnelle de la Densité (DFT) ont été réalisés
afin d’extraire d’importants descripteurs quantiques, tels que les énergies HOMO, LUMO et le gap énergétique, ainsi que des descripteurs
physicochimiques comme le LogP, la TPSA et la masse moléculaire. Les propriétés pharmacocinétiques et 1’aptitude médicamenteuse de ces
composés ont également été évaluées a I’aide des paramétres ADMET et de la régle des cinq de Lipinski.

L’étude s’appuie sur la modélisation QSAR (Quantitative Structure—Activity Relationship), associée aux techniques d’intelligence
artificielle et d’apprentissage automatique, afin de développer des modéeles prédictifs capables d’établir des relations entre les descripteurs
moléculaires et les propriétés ADMET. Les résultats ont mis en évidence des relations significatives entre la structure moléculaire et les
propriétés électroniques et pharmacologiques des composés étudiés. Plusieurs descripteurs moléculaires ont également été identifiés comme des
facteurs déterminants du comportement pharmacocinétique et de la biodisponibilité.

Les résultats obtenus démontrent ’efficacité de la combinaison des calculs DFT et des méthodes d’apprentissage automatique pour la
prédiction des propriétés pharmacologiques des dérivés de la thiazolidinone. Cette approche contribue a accélérer le processus de découverte de
nouveaux médicaments tout en réduisant les colts expérimentaux. En outre, elle a permis d’identifier plusieurs composés prometteurs
susceptibles de constituer des candidats potentiels pour le développement de nouveaux médicaments présentant une forte efficacité thérapeutique

et une faible toxicité.

Mots-clés : Thiazolidinone, DFT, QSAR, Intelligence Atrtificielle, Apprentissage Automatique, ADMET.
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General Introduction

Over the past few decades, the landscape of medicinal chemistry has been profoundly
transformed by significant advancements in molecular modeling and artificial intelligence (Al).
These innovations have not only accelerated the discovery and design of novel therapeutic agents
but also enhanced their efficacy and reduced potential toxicity [1], [2]. This paradigm shift has
made computational approaches indispensable in modern drug development pipelines, where
machine learning (ML) models are revolutionizing ADMET prediction by enhancing accuracy
and reducing experimental costs [3], [4]. Among the vast array of heterocyclic compounds
explored in pharmaceutical research, thiazolidinone derivatives have garnered considerable
attention due to their remarkable and diverse spectrum of biological activities [5], [6]. Recent
advances (2021-present) in the synthesis and structure-activity relationship (SAR) of
thiazolidin-4-one derivatives have highlighted their considerable potential as anticancer agents,
capable of inhibiting key enzymes and cell signaling pathways [7], [8]. These compounds have
also demonstrated significant potential across other therapeutic areas, including antidiabetic,
antibacterial, antifungal, anti-inflammatory, and antioxidant applications [9], [10]. Their
versatility stems from their unique structural features, which allow for extensive chemical
modifications and interactions with multiple biological targets. The fundamental structure of
thiazolidinones is characterized by a five-membered heterocyclic ring, incorporating a sulfur
atom at position 1 and a nitrogen atom at position 3, along with a carbonyl group at position 4.
The strategic placement of these atoms, coupled with the possibility of attaching various
substituents at positions 2, 3, and 5, gives rise to a wide diversity of derivatives, each possessing
distinct chemical and biological properties [11].

This structural flexibility is key to their broad pharmacological utility, as evidenced by
recent scientific reports on their mechanisms of action [12]. The development of effective drug
candidates hinges not only on their intrinsic biological activity but also, critically, on their
physicochemical and pharmacokinetic properties. In this context, the ADMET (Absorption,
Distribution, Metabolism, Excretion, and Toxicity) properties play a pivotal role in determining
the ultimate success or failure of a drug during its development [13]. Early and accurate
prediction of these properties has thus become an essential step in modern drug discovery,
aiming to mitigate the high attrition rates associated with late-stage failures [14]. Computational
approaches and molecular modeling techniques offer powerful and cost-effective tools for
evaluating the pharmacological behavior of compounds before embarking on expensive and

time-consuming experimental studies [15]. Quantitative Structure-Activity Relationship (QSAR)
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General Introduction

modeling, in particular, establishes mathematical relationships between the chemical structure of
molecules and their biological activities or properties [16]. Complementing this, Density
Functional Theory (DFT) calculations provide a robust framework for determining important
quantum chemical descriptors that elucidate the electronic structure and reactivity of molecules
[17], [18].

The present work focuses on the investigation of a series of thiazolidinone derivatives
using a synergistic combination of computational chemistry and machine learning approaches.
DFT calculations were employed to determine important quantum chemical descriptors,
including the energies of the Highest Occupied Molecular Orbital (HOMO), the Lowest
Unoccupied Molecular Orbital (LUMO), and the energy gap (AE) [19]. These descriptors are
crucial for understanding molecular reactivity and stability. In addition, key physicochemical
descriptors such as the partition coefficient (LogP) and Topological Polar Surface Area (TPSA)
were calculated and analyzed, providing insights into lipophilicity and molecular size, which are
fundamental to ADMET properties [20]. Furthermore, QSAR modeling combined with artificial
intelligence (Al) and machine learning (ML) techniques was utilized to establish predictive
relationships between molecular descriptors and ADMET properties [21], [22]. These advanced
computational methods, including graph neural networks and ensemble learning, offer an
efficient and powerful strategy for identifying the most relevant molecular features influencing

pharmacokinetic behavior and biological performance [23], [24].

In this context, a critical research question arises: How can an intelligent predictive model,
specifically dedicated to thiazolidinone derivatives, be developed to establish reliable
relationships between quantum descriptors obtained from DFT calculations and ADMET

properties in order to optimize the design of new bioactive molecules?

The importance of this question lies in its potential to enhance our understanding of the
intricate relationship between molecular structure and pharmacological behavior, thereby
guiding the rational design of novel compounds with high therapeutic efficacy and low toxicity.
The main objective of this study is to explore this intricate relationship between the molecular
structure and pharmacological properties of thiazolidinone derivatives. Specifically, this work
aims to evaluate the influence of quantum and physicochemical descriptors on the ADMET
profiles of these compounds, assess the predictive capability of machine learning models in
accurately forecasting ADMET properties, and ultimately, identify the most promising
thiazolidinone compounds that could serve as potential candidates for future drug development,
based on their predicted ADMET profiles.
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This thesis is organized into three main chapters: Chapter | provides a comprehensive
overview of thiazolidinone derivatives, the significance of ADMET properties in drug discovery,
the principles of QSAR and molecular modeling, and an introduction to advanced computational
tools like DFT and Machine Learning. Chapter Il details the experimental numerical
methodology, including the constitution of the dataset of thiazolidinone molecules, the software
and computing environment utilized, the DFT calculation protocol for quantum descriptors, the
calculation of physicochemical descriptors, and the QSAR modeling approach using Machine
Learning. Chapter Il presents the findings from the descriptor calculations, analyzes the
structural influence on properties, evaluates the performance and interpretation of the developed
Al models, and concludes with a synthesis of the main results, identification of promising

candidates, and perspectives for future work.
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I.1.Thiazolidinone Derivatives

1.1.1 Introduction

In recent year, researchers have focused on the synthesis of heterocyle containing
nitrogen, sulfur, and oxygen, such as pyrole, thiazole, due to their biologicale importance [1].

Among these heterocycle, the thiazole ring has been widely studied [2] . Indeed, this ring is
present in numerous molecules exhibiting significant biological or pharmacological activities
(antibacterial,antiviral ,and antifungal,etc.).t is also found in many compounds with industrial

application (figure 1.1) [3].

N
/ > 1.3-thiazole
S
O
) \FNH f )
S s) s
Thiazolidine thiazoline

Thiazolidinone

Figure 1 .1: the main derivatives of 1,3-thiazoles

1.1.2 Thiazoles

Thiazoles, or 1,3-thiazoles , are five —membered heterocyclic compounds containing three

carbon atoms , are sulfur atom , and one nitrogen atom, with the molecular formula

C,H;NS (Figurel.2)

Among the isomers of tiazoles ,isothiazoles are also found :
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N s
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Thiazoles Isothiazoles

Figurel .2 :structure of thiazoles and isothiazoles

Thiazole was first defined by Hantzsch and Weber in 1884[4].1t is present in numerouse
natural products such as vitamin B1 (thiamine) (Figure 1.3), alkaloids,  steriods, as well as
various pharmaceutical products[5].

SN

/L N NH,,
T

'| CH; 2"

o N:<

CH5

Figure I .3 : Structure of thiamine(vitamin B1)

Thiazole and its derivatives are highly valuable compounds in various fields of chemistry,
medicine , and agriculture .Consequently ,thiazole also serves as a synthetic intermediate for

numerous biologically active conpounds such as penicillin (Figurel.4) [6].

H
YT
0 !
/"~ 0OH
D/‘H
Figure I .4: Structure of penicillin

1.1.3 Methods for the synthesis of thiazoles

In assessing the importance of thiazole and its derivatives, numerous synthetic techniques
for thiazole derivatives have been developed by different research groups, such as Hantzsch in
1887, Gabriel in 1910, Cook-Heilborn in 1949, and other research teams.
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a) Hantzsch Synthesis of thiazoles

The Hantzsch reaction, discovered in 1887, is the most common method for the synthesis
of thiazoles.It involves the condensation between an « -halo carbonyl compound and a
thioamide(Scheme 1.1).[7]

e D )

: - ] =
H\ i + ol
. .{'Ei""'-rh___ - t ___.--'"' X —HzD ____--"‘-\._\ {_,z"'--.__

Ra

Ri=R;= alkyle , aryle R;= H

Scheme I .1: Hantzsch synthesis of thiazoles
b) Gabriel Synthesis of thiazoles

The Gabriel method is a cyclodehydration approach of o -acylaminoketones.

This method is widely used to synthesize thiazoles substituted with alkyl, aryl, or alkoxy
groups at positions 2,4, and 5 (Schemel.2).[8]

R, "H
Rz /r—\ M
| add Nu R. Ra
Ry—C—CH—NH_ . R3—'ﬁ—§9_—t|3|—R3 —
o Q

e o o
P,S;
R =R:=Rs= alkyle ou aryle ou alcoxy
R4 s
W
M
Rz

Scheme | .2 :Gabriel Synthesis of thiazoles
c) Cook-Heilborn Synthesis of thiazoles

This is a method for synthesis of substituted aminothiazoles .1t involves the reaction of
o -aminonitriles with dithioacid salts or esters ,carbon disulfide ,and isothiocyanates under mild

condition , leading to the formation of substituted 5-aminothiazoles (Schemel.3)[9].
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R, NH, R
:C:S Y f
H, NI}«DH C=N ZN’“Q ~SH
R, SH

R=R,=alkyle ou aryle R,
/\p—N
\

FoN” S/>\R2

Schemel.3 :Cook-Heilborn Synthesis of thiazoles
d) Synthesis of Substituted Thiazoles from Isothiocyanates and Alkynes

In this reaction ,isothiocyanates react with aminobutynoates in a basic medium using
THF as a solvent at 25°C ,yielding thiazoles (Schemel.4) [10].

COOEL R

M
NEty THF /
| T P T TR A W
25°C MR

COOEL

Ri= R:= alkyle ou aryle

Scheme I .4: Synthesis of Substituted Thiazoles from Isothiocyanates and Alkynes

e) Dubs Synthesis

The reaction is carried out in a one-pot procedure ,where an ¢« -bromoketone is treated
with potassium thioacid salts in the presence of ammonium acetate in acetic acid under reflux ,
yielding a substituted 1,3-thiazole derivative (Schemel.5) [11,12].
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NHOAc/HOAC

=&
D

Ra
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By R, Bs=alkyle ou aryle

Scheme 1.5 :Dubs Synthesis
f) Synthesis of thiazoles from Benzonitriles and 2-Mercaptopenten -3-one

4-Ethyl-5-methyl-2-phenylthiazoles are prepared, with a relatively low vyield, by the

reaction of 2-mercaptopenten -3-one with benzonitrile in the presence of HCI (Schemel.10) [13].

CzHs

N
CoH O HCI N
iy IS 'S
+
| PH HaC - PH
TsH

CH
Hzc”f

Schemel.10: Synthesis of thiazoles from Benzonitriles and 2-Mercaptopenten -3-one

1.1.4 Thiazolidinones

a) Introduction

4-oxo-thiazolidines or thiazolidinones are thiazolidine derivatives that represent a class of
compounds of great scientific interest due to their chemical properties and biological activities,
such as antibacterial [14], including antifungal [15], anti-inflammatory, analgesic [16], and anti-

tumor [17]. The thiazolidinone ring is found in nature in actithiazic acid (Figurel.4). [18]

O

S 1
%\ )\/\\ /\jl OH

@) N
H
Figure I .5: Chemical structure of actithiazic acid

b) Structure
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The basic structure of thiazolidinones consists of a five- membered ring containing two
heteroatoms :a sulfur atom at position 1 and a nitrogen atom at position 3, a carbonyl group at
position 4 , and various substituents can be present at positions 2,3,and 5 (Figurel.5) [19].

R>
O
S
\
R, ns
Figurel.6: structure of thiazolidinones

c) Fields of Application of Thiazolidinones:

Following the discovery of thiazolidinones, extensive research has been conducted on the
synthesis and activity studies of these materials.A large number of these derivatives possess
diverse pharmacological properties , such as antiviral, antiparasitic, antitubercular, antimicrobial,

anticonvulsant ,anti-inflammatory ,and analgesic activities.
e Biological Activity:

Thiazolidinone derivatives represent a class of compounds of great scientific interest due
to their chemical properties and pharmacological activities.

These compounds are characterized by their versatile and significant biological activities,

including: antimicrobial, anti-HIV, anticancer, anticonvulsant, and antibacterial properties.

Thiazolidinones have attracted increasing interest among researchers and open

perspectives in the fight against various diseases such as allergy, cancer, and malaria.

e Nonlinear Oplical Activity
In recent years, particular attention has been devoted to organic nonlinear(NLO)

Materials due to their potential applications in optoelectronic technology .These compounds
exhibit a strong nonlinear optical response, extremely fast switching times, and convenient
optimization pathways through molecular engineering compared to well-known inorganic

materials reported in the literature, such as KDP.
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Thiazolidinone derivatives are therefore considered promising candidates in the field of
nonlinear optics owing to their potential application in optical signal processing and information

storage.

Organic photovoltaic compounds (OPVs) have attracted considerable interest in recent
years, as they appear to be cost-effective alternatives to conventional semiconductor-based
photovoltaic devices. However, further improvements are still required in terms of efficiency and
operational lifetime. Organic compounds incorporating the thiazolidinone moiety and its
derivatives have demonstrated significant photovoltaic activity.[20]

|.2.Pharmacokinetics and ADMET Profile

For a molecule to be affective as a drug, it must reach its biological target in the body at a
sutticient concentration and remain in a bioactive form for an adequate period to produce the
desired biological effects. Therefore, drug development involves early evaluation of Absorption,
Distribution, Metabolism, Excretion, and Toxicity (ADMET) properties during the drug

discovery process.

A wide range of in silico methods aim to predict ADMET parameters based on molecular
structure [21]. Notably, the pioneering work of Lipinski et al. examined orally active compounds
to define physicochemical ranges associated with a high probability of oral drug-likeness
[22].This concept is known as the lipinski Rule of Five, which establishes a relationship

between pharmacokinetic and physicochemical parameters.

Furthermore, pharmacokinetic properties such as gastrointestinal absorption, as well as
drug-likeness predictions including lipinski’s rules and bioavailability scores, are commonly
evaluated[23].The Lipinski rule is applied to assess drug-likeness and predict whether a
compound is likely to be bioactive based on key parameters such as molecular weight, LogP,

hydrogen bond acceptors(HBA), and hydrogen bond donors (HBD).

The SwissADME tool employs a Support Vector Machine (SVM) algorithm [24] trained
on large, carefully curated datasets of known inhibitors/non-inhibitors and substrates/non-
substrates. Screening of Absorption, Distribution, Metabolism, Excretion, and Toxicity

(ADMET) is a useful approach to assess the drug-likeness potential of compounds. The
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SMILES format of the ligands was uploaded to the SwissADME server [25], and ADMET
screening was performed using the default parameters.

Pharmacokinetics is traditionally defined as the study of the fate of drugs in the body
[26], from their absorption to their elimination. This discipline enables the correlation of
administered drug doses with observed blood concentration and describes their charges over

time.

Among the commonly used concepts in pharmacokinetics is bioavailability, which refers
to the fraction of an administered drug dose that reaches the systemic circulation and the rate at
which it does so. It primarily reflects the absorption phase.

The journey of a drug within the body can be divided into several key phases:

v Absorption phases: the process by which the drug moves from its site of administration
into the systemic circulation.

v Distribution phase: the dispersion of the drug throughout the various tissues of the body.

v" Metabolism phase: describes the chemical transformation of the drug by the body.

v Elimination phase: concerns the processes through which the drug is removed from the
body.

v Toxicity phase: refers the potential of the drug to produce harmful effects of the drug

once it reaches its larget sit

This five phases are commonly summarized by the acronym ADMET. Some authors
expand this concept to include the release phases of the active ingredient from the administered
dosage from, and the response phase to the active ingredient, which describes the following

sequence:

Liberation — Absorption — Distribution — Metabolism — Elimination — Response the

acronym LADMER is then used to designate all of these phases [27].
a)

In most clinical situation, the site of drug administration is different from its site of

action. For example, when a drug is administered orally, its site of action may be the heart, blood

28



Chapter 01: Literature Review

vessels, or kidneys. The site of administration — namely the gastrointestinal tract in this case —
serves merely as a trasit location, after which the drug is transported throughout the body via the
bloodstream.

Absorption therefore refers to the passage of the drug from its site of administration into

the systemic circulation through biological membranes.

Before absorption can occur, it is often necessary for the active ingredient to be released
from its dosage form, such as through the dissolution of a tablet or the breakdown of a capsule
shell. Several mechanisms are involved in drug absorption; these can be classified into active

transport processes and passive absorption processes.

Distribution corresponds to the diffusion of a drug throughout the various tissues of the
body. It is influenced by the lipophilicity of the active compound, as well as by its affinity for
specific tissues such as bone or adipose tissue.

A drug may bind reversibly to plasma proteins, mainly to albumin and alpha — 1 acid
glycoprotein. Albumin preferentially binds acidic drugs, whereas alpha — 1 acid glycoprotein
binds predominantly basic drugs. Thus, a distinction is made between the protein — bound
fraction and the free fraction of the drug. In most cases, only the free fraction is able to exert its
pharmacological effect at the site of action, diffuse into tissues, or undergo metabolism and
elimination processes. Consequently, the fraction bound to plasma proteins can be considered as

a storage form of the drug within the body.

Metabolism refers to the transformation of a drug by the body. This transformation is
mainly carried out through enzymatic reaction. In pharmacology, the reactions involved in drug
metabolism are commonly divided into two main group: phase I reactions and phase II reactions.
Phase I reactions generally precede phase II reactions in the chronological sequence of drug

metabolism.

Drug elimination from the body can occur through several routes: urinary excretion,
respiratory elimination (in expired air), cutaneous excretion (through sweat), salivary excretion,
or through breast milk. The main elimination pathways are renal excretion in urine and hepatic
elimination. For certain elimination routes, a phenomenon of drug reabsorption may occur,
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which contributes to decreasing or slowing down the elimination process. The mechanisms
described for absorption are also involved in elimination, including passive diffusion and active

transport.

Toxicity refers to the harmful effects that a drug may produce in a living organism. These
effects may occur when the therapeutic dose in exceeded, as a result of drug accumulation,
individual hypersensitivity, or drug — drug interactions. Toxicity may be acute (occurring after
short — term exposure or high doses) or chronic (resulting from long — term exposure). It can also

be organ — specific, such as hepatotoxicity, nephrotoxicity, cardiotoxicity, or neurotoxicity.

The evaluation of toxicity is a fundamental step in drug development, as it aims to assess the
safety profile of candidate compounds and to determine a safe therapeutic window before

clinical trials.[28]

Quantitative Structure — Activity Relationship (QSAR) aims to correlate a specific
response variable (biological activity) with molecular descriptors that are calculated or
experimentally measured from the molecules themselves. These methods were first developed by
Corwin Hansch in the 1940s by analyzing series of compounds and formulation the classical
QSAR equation[29],[30]

Log % = ap + bs + cEs + const (eq.1)

e [C]:concentration required to produce the biological effect
e [p]:octanol — water partition coefficient
e [s]:Hammett substituent constant (electronic effect)

o [Es]:Taft substituent constant (steric effect)

is a measure of the difference in solubility of a compound between two solvent.
Typically, one solvent is water, while the other is a hydrophobic such as a octanol. A high
octanol/water partition coefficient indicates that the chemical substance is hydrophobic and
preferentially distributed into hydrophobic compartments such as cell membranes, whereas
hydrophilic compounds tend to distribute into hydrophilic compartments such as blood serum.

Nowaday, LogP values are often predicted computationally. [32][31]
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Although defining the precise relationship between chemical structure and function
remains a challenge, the structure — property relationship is widely accepted in drug discovery
and risk assessment.[33]

Sometimes, QSAR methods take a more specific name such as QSPR (Quantitative —
Structure — Property — Relationship) when they are applied to physicochemical properties (e.g.,
boiling point, solubility, LogP). All these approaches correlate a dependent variable (effect or
response) with a set of independent variables (usually calculated properties or molecular
descriptor). They are statistical models that can be applied to predict responses for unseen data
points without the need to use the actual chemical compound, even before it has been
synthesized. [34][35]

To fully exploit the information contained in molecular structures, these structures are
converted into a series of numerical values that represent significant physicochemical and
structural characteristics, whether local or global, of the molecule. These values are referred to as

molecular descriptors [36][38]
a) Types of Molecular Descriptors

Currently, more than 10,000 molecular descriptor have been developed. These descriptors
enable predictions to be performed without the need to synthesize the molecules, which is one of
the main objectives of molecular modeling. In the following section, the most commonly used

molecular descriptors will be presented, starting with the simplest ones.

Historically, two major classification schemes for molecular descriptors have been
established: [37]

v’ Classification according to their origin, such as constitutional, topological, geometrical,
quantum, thermodynamic descriptors, and others.

v" Classification according to their dimensionality, namely 1D, 2D, 3D, 4D descriptors.

One — dimensional (1D) molecular descriptors include all descriptors that can be
calculated from the molecular formula of a compound based on its atomic composition. In other
words, they depend on the type and number of atoms constituting the molecule. These
descriptors represent general properties such asatomic mass percentages, molar mass, molecular

weight, and related parameters. They are often presented in the form of molecular fingerprints,
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which are binary vectors where a value of (1) indicates the presence of a particular substructure,

and (0) indicates its absence. [39]

Two — dimensional (2D) molecular descriptors are derived from the planar (2D) structure
of the molecule. They contain information related to atomic connectivity or specific molecular
fragments, as well as estimations of certain physicochemical properties [40], [41]. This category

mainly includes:

o Topological indices;

o Constitutional indices

Three — dimensional (3D) molecular descriptors are evaluated based on the relative
spatial positions of atoms and describe more complex molecular characteristics. Therefore, their
calculation generally requires knowledge of the three — dimensional geometry of the molecule,
which is most often obtained through molecular modeling using empirical or ab initio methods.
Three descriptors reflect steric, electronic, and energetic properties associated with the three —

dimensional structure of the molecule.

Three — dimensional descriptors are relatively computationally expensive but provide more
detailed and informative data [42]-[46]. Several important families of 3D descriptors can be

distinguished, including:

o Geometrical descriptors;
o Electrostatic descriptors;

o Physicochemical descriptors.

The first step consists of preparing a dataset containing the available experimental data
related to the selected endpoint. This step is highly demanding, as only a limited number of
datasets reported in the literature are complete and properly validated. QSAR studies are often
based on models developed from a limited amount of high — quality data. However, in most
real .— world applications, data must be must be collected from primary sources (laboratory

studies) and carefully verified to ensure consistency and true comparability. [47], [48]
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e Second step:

The second step involves the calculation and selection of molecular descriptors.

Nowaday, hundreds or even thousands of 2D descriptors can be easily computed. It is often

preferable to calculate a large number of descriptors and then select the most relevant ones using

appropriate statistical methods, such as

Genetic algorithms ;
Stepwise addition methods (adding one descriptor at a time);
Stepwise elimination methods (removing one variable at a time);
Or other optimization techniques for variable selection.
Regardless of the algorithms chosen to develop predictive models, it is important to
consider statistics on model quality and ensure that a correct modeling methodology is used
to avoid errors or overfitting. Numerous model statistics are available that can indicate
whether a model can be applied to new data points from which responses are to be
predicted. [49]

Two types of supervised learning models are of particular interest:
Classification methods: assign the target molecule to two or more classes, most
commonly biologically active or inactive
Regression methods: attempt to use continuous data, such as measured biological
response variables, to correlate molecules with these data and predict a continuous
numerical value for new and unknown molecules using the modeled generation.

Another distinction is made between two types of mathods:
Similarity — based mathods : tend to group similar molecules together
Feature — based mathods : use a set of molecular features (such as descriptors) to

construct the classification function.

A plethora of algorithms and methods are available for modeling, including

Statistical regression: such as linear Discriminant Analysis, Partial least Squares
regression, and Multiple Linear Regression.

Machine learning methods: including Naive Bayesian Classifiers, Decision Trees,

Recursive Partitioning, Random Forests, Artificail Neural Networks, and Support Vector
Machines.[46]-[52]
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Over the past two decades, many artificial intelligence — derived methods have become preferred

approaches in QSAR[53], as they are non — parametric and allow modeling functions to be

identified without a priori assumptions.

To assess the significance of QSAR models, validation remains a highly sensitive step in

statistical studies. Since a model is the result of statistical analysis, its interpretation and

application must be carried out strictly within the domain covered by the analyzed data. Various

statistical parameters are used to determine the quality of a model, such as:

The multiple coefficient of determination (R2), which reflects the degree of correlation

between the observed and predicted property values in the test set.

n . N2
SCE ;(Yi yi)

_SC—T_ _ Zn:(yi _9)2

i=1

2

(eq2)

Where Y; and ¥, represent the observed and predicted property value, respectively, for

the test compounds.

And Y denotes the mean value of the observes responses for the calibration (training)

set.

Models with R* values greater than the stipulated threshold of 0,5 are considered to have

good predictive ability.

The stability of published QSAR models is generally assessed using:

Leave — One — Out cross — Validation (LOO): this method consist of recalculating the
model using (n — 1) calibration compounds. The resulting model is than used to estimate

the property value of the omitted compound, denoted as ¥, . The procedure is repeated

for each of the n compounds in the calibration set.[54],[55]

This approach is used to determine the predictive coefficient:

_ SCT —PRESS

2
QLOO - SCT (eq 3)
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Unlike the coefficient of determination RZ, which increases with the number of model

parameters, the cross — validation coefficient Qoo exhibits a curve that reaches a maximum at

a certain number of descriptors and than decreases monotonically. This characteristic gives

significant importance to the Qfoo coefficient in model evaluation.

A value of Qfoo>0,5 is considered satisfactory, whereas a value greater than 0,9 is

regarded as excellent.[55]

When sufficient data that ware not used in model construction are available, or after
collecting new data, external validation can — and should — be performed. This is referred to as

external validation. The external predictive coefficient, denoted QEOO , is calculated as follows:

(eq4)

For a high value of QEOO , a correspondingly high value of Qezxt suggests good

predictive ability of the model.

Over the past decade, considerable debate has taken place regarding the application of internal or
external validation to ensure the predictive performance of models [56]. The primary objective of internal
validation is to verify the stability of models; however, this type of validation cannot substitute for true

external validation [57].

The criteria proposed by Golbraikh and Tropsha demonstrated that the predictive power
of QSAR models can only be claimed if the model has been successfully applied to predict
compounds from an external test set (i.e., compounds that were not used in model development).
To reflect the quality of predictions, several measures based on the Golbraikh and Tropsha
criteria [58],[59] have been proposed in different studies [54],[58],[60], such as:

2 2 . . . .
QF]_’ QF 21 Q;:s et I, , These metrics are detailed by the following equations :
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2
Z (Yobs(test) - Ypred (test) )
Z (Yobs(test) - Y_training )2

The Qéz coefficient proposed by Schuurmann et al. [61] is given by the following

Qr: =1- (egd)

expression:

2
Z (Yobs(test) - Ypred (test) )

a (egb)
Z (Yobs(test) - Ytest )2

2
z (Yobs (test) — Ypred (test) )/
ntest

2
=1- _
QF 3 Z (YObS(t"ain) - Ytrain )7 (eq7)
ntest

lez =1-

2=r?(1-J(r*+1}) (eq8)

According to these authors, models are considered satisfactory if all of the following

condition are simultaneously fulfilled:

R2>0,6. Q%>0,5.

Model interpretation is an important aspect recommended within the validation

framework when models are used for predictive purposes in a regulatory context [62],[63].

Researchers attempt to understand models based on known fundamental principles. A
small number of descriptors and their role within simple linear equations are generally

considered necessary for the acceptance of QSAR result.

However, if the primary objective of QSAR is prediction, emphasis should be placed on
model quality rather than interpretability. It is common to distinguish between predictive QSAR,
which focuses on predictive accuracy, descriptive QSAR (or SAR), which emphasizes the

interpretation of structure — activity relationships.[64],[65]

This view of “QSAR” and “SAR” is somewhat outdated, as highlighted by polishchuk

[65], who explained that the concept of QSAR model interpretation has evolved over time.

Livingstone [66] summarized the intelligibility of QSAR models as follows: “The need

for interpretability depends on the application, since a validated mathematical model linking
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target properties to chemical properties may, in some cases, constitute an accurate estimation of

chemical activity”.

SAR and QSAR are predictive statistical models; therefor, they are subject to issues
inherent in statistical learning theory. Among the many features that enable model induction,

performance and simplicity are the characteristics of the most popular models. [67],[68]
1.3.6.0verall Strategy of a QSAR Study

The development strategy of a QSAR model is more general than that of a QSPR (Figure-6) and

is structured around six main points:

e Build a structure — Property database based on reliable and standardized quantitative
measurement of the target property for each compound, and select chemical descriptors

related to the target property.
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Figure 1.7: Overall Strategy of a QSAR Study

Divide the dataset into a training set and a test set.

e Construct models from the training set using the desired statistical tools, characterize these
models with internal validation indices, and check their robustness via a randomization test.

o Validate the models with the test set and calculate the external correlation index.

e Repeat the division process to obtain other training and test sets. The optimal division
yields the smallest training set capable of producing accurate predictions for the largest test

set.
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e Explore and utilize the validated models to understand possible mechanisms and make

prediction.

In addition to classical methods such as in vivo and in vitro experiments, the use of
computational tools is gaining increasing interest within the scientific community. These tools
provide simulation, means to accelerate molecular design, deliver predictions, and offer insights

into mechanisms to some extent.

QSAR methods are derived from chemometrics and physical simulation, combined with

statistics to construct systems capable of prediction.

QSAR can be extended to highly predictive methods, which typically employ complex,

nonlinear correlation for explanation while still allowing simple interpretation.

The use of QSAR models is growing, as they provide the only affordable method to

screen large amounts of data.[67]

Density Functional Theory (DFT) is one of most widely used approaches in Quantum
calculation of the electronic structure of matter, both in condensed matter physics and quantum
chemistry at the beginning of the 21% century [69]. DFT is derived from the model established in
the late 1920s BY Llewellyn Thomas and Enrico Fermi, upon which current techniques are
based [68].

DFT calculation in computational materials science allow for predicting the behavior of
materials based on the principles of quantum mechanics, without requiring higher-order
quantities such as fundamental material properties. In modern DFT techniques, the electronic

structure of a system is analyzed using a potential acting on its electrons [75]. This potential is

constructed from the sum of external potentials V,, , which are entirely controlled by the

structure and elemental composition of the system, and an effective potential V., which

represents inter-electronic interactions. A problem for a representative supercell of a material
with n electrons, for example, can be analyzed as a series of n single-electron Schrédinger-type

equations, often called Kohn-Sham equations [74].
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Shouldn’t handling a wavefunction for a multi-electron system be simple? Why can’t we
use a physical observable to determine the energy (and perhaps other properties) of a molecule
instead of a wavefunction, which has rather stange units of probability density to the half-power
[71].

The Hamiltonian is determined only by the locations and atomic numbers of the nuclei, as
well as the total number of electrons. This dependence on the total number of electrons

immediately suggests that electronic density would be a useful physical observable.

Since, when integrated over all space, it yields the total number of electrons:

N = Jp(l‘) dr . Because nuclei are essentially point charges, their positions are associated with
local maxima of the electron density, which are also critical (turning) points. For each nucleus A,
the electron density reaches its maximum at position '

op(ra)
or,

= _ZZAp(rA)

r,=0
Z — The atomic number of A.

I, — The radial distance from A.

£ — The spherically averaged electron density.

Given a known density, one can construct a Hamiltonian operator, solve the Schrodinger
equation, and compute the wave functions and the energy eigenvalues. All the information we
need is contained in the electron density [71].

The first theorem can be stated as follows: the electron density determines the external
potential [68].

Electrons interact with each other and with an external potential according to density
functional theory (DFT) [72]. In a homogeneous electron gas, the external potential is a
uniformly distributed positive charge, whereas in a molecule it corresponds to the attraction
toward the nuclei. It is sufficient to show that the density determines the Hamiltonian operator in

order to establish an energy — density relationship. Moreover, since integrating the density gives
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the number of electrons, one must determine the external potential (i.e., the charges and positions
of the nuclei). According to Hohenberg — Kohn theorem, the Hamiltonian operator (and thus the

energy) can be uniquely derived from the ground-state electron density [72].
Let us assume the two alternative external potentials can both be consistent with the same

ground-state density ©,. We denote these two potentials as Va and Vb and the corresponding

Hamiltonian operators as Ha and Hb. Each Hamiltonian will be associated with a ground-state

wave function ¥, and its corresponding eigenvalue Eo. According to the variational theorem in

molecular orbital (MO) theory, the expectation value of the Hamiltonian Ha with respect to the

wave function ¥, must be greater than the ground-state energy of system a:

Eo,a<<Wo,b ‘ Ha| ‘//o,b>

We can rewrite this expression in the following form:

EO,a<<‘){/0,b‘ H,—H, + Hb|l//0,b><<l//0,b‘ H, - Hb|l//0,b>+<l//0,b‘ Hb|‘//o,b><<‘Po,b Va _Vb|‘//o,b>+ Eos
Since the potentials V are one-electron operators, the integral can be expressed in terms

of the ground-state density:
EM(J‘[Va (r)=v, (r) ]oo (r)dr + E,,
If we interchange “a” and “b”, we can also write:
Eovb<_[[vb (r)=v,(r)]o, (r)dr+E,,

By adding the two inequalities, we obtain:
Eoa+ E(J,bq[va (r)=vy (r) ], (r)dr +I[vb (r)=v,(r) ]y (r)dr+E,, +E,,

(J[va (1) =9, (1) +9, (1) =v, (r)] oo (r)dr +Eqp, +Eq (B, + Eq,

We arrive at an impossible result, which implies that our initial hypothesis was incorrect.
Consequently, the ground-state density must determine the external potential and, by extension,
the Hamiltonian, and thus the wave function. The Hamiltonian defines not only the ground-state
wave function but also all excited-state wave functions — the density encodes a massive amount

of information.[70]
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The existence theorem does not tell us how to predict the density of the system. In a
second theorem, Hohenberg and Kohn demonstrated that, as in molecular orbital (MO) theory,

the density obeys the variational principle [73].

Suppose we have a well-behaved trial density N that integrates to the correct number of
electrons. The first theorem states that this density determines a trial wave function and a

Hamiltonian in this circumstance. The energy expectation value can then be calculated:

<\Pcand ‘ Hcand ‘l//cand > - Ecand 2 E0

Thus, in theory, we can continue trying different densities, and those that yield a lower
energy are closer to the true density. However, at this stage, we have no prescription for
rationally selecting improved trial densities, and secondly, since the motivation for DFT was to
avoid solving the Schrodinger, equation, calculationg the energy as an expectation value of the

Hamiltonian is not an advance — we already know how to do that. [73]

The challenge comes from the nature of the functional. In theory, we know that we can
find the Hamiltonia, the wave function, and thus the energy from the density, but we do not
know how to do it in practice. What we really want is to be able to calculate the energy directly
from the density. [72]

A variable x is associated with a function “f” that assigns “a” scalar y=f(x) to each scalar

A functional relates any function “f” to “a” scalar x=f (F). An example “f” a functional of

“f is definite integral of f(x).

The energy appears as a functional of the wave function ® and is normalized as follows:
E(@)=(@|H|o)

The theorems of Kohn, Sham, and Hohenberg establish the following facts:
The given total electron density of a system in the ground state at each position (x,y,z)

determines all its observable attributes.

Consequently, the energy, in particular, is a density functional:
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E=F[]
e The ground state has the property that the density £ (x,y,z) minimizes the energy.

This is the density analogue of the variational theorem for wave functions.

Calculating the energy from the density is, in principle appealing because it reduces the
problem from a wave function ® depending on 3n spatial variables to a density © depending

on only 3 variables. The problem is that we essentially know nothing about the functional F,

except that it must exist. [68]
1.4.2.Application of DFT to Molecular Systems

There are many approximations for the exchange — correlation functional. In Gaussian,
they are denoted by a set of letters, where the first identifies the exchange calculation method

and the second indicates the correlation method. [74]
a. Local Density Approximation(LDA)

The term Local Density Approximation (LDA) was originally used to describe any

density functional theory in which the value of the exchange — correlation energy density ¢, at a

position r can be derived solely from the value of the density at that point, i,e., the “local” value
of p[74].

No analytical derivation of the correlation energy density has been established, even for
the “simple” uniform electron gas. Ceperley and Alder(1980) used quantum Monte Carlo
techniques to calculate the total energy of electron gases at different densities with very high
numerical accuracy[75].They ware able to determine the correlation energy in these systems by

subtracting the analytically calculated exchange energy for each case[74].

Later, Vosko, Wilk, and Nusair (1980) developed local density functionals to fit these

results:

2b [ Vac-b?
r+b\/_+c 4c — b2 2\/_+b

bx, . (\/E—xo)2 2(b+2x )tan‘{'MC_bZ]

X2 +bx, +¢C r+b\/_+c Jac—p?
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In this context, r.is called the effective radius — exactly one electron would be contained

within a sphere of this radius if the density inside that sphere were uniform everywhere.

O-{am)

For 1=0 et I=1, different sets of empirical constants A, x0, b and ¢ are used. SVWN refers

to LDA calculation (also called LSDA — Local Spin Density Approximation that employ a

combination of Slater of exchange and the VWN correlation energy expression [69].

It is clear that the correlation energy functional in a truly general system can be complex.
Because most contemporary DFT algorithms rely on ampirically optimized constants and
functional forms, they are essentially semi-empirical. An analytical solution of the integrals

using the VWN correlation functional is highly unlikely [69].

The procedures of an LSDA calculation are largely similar to those of a Hartree — Fock
(HF) calculation. After selecting the molecular geometry, the overlap integrals, as well as the
kinetic energy and nuclear attraction integrals, are computed. We must guess an initial density to
evaluate the subsequent integrals, and this density can be generated as a matrix equivalent to the
density matrix used HF theory. We can than construct the exchange — correlation potential
V,. and evaluate the remaining integrals in each element of the Kohn — Sham (KS) matrix using
this trial density. Beyond this point, the KS and HF self-consistent field (SCF) procedures are
almost identical. Once SCF convergence is achieved, the energy is calculated by inserting the

final density into:

ELp(N)]=Tul(N)]+Ve [ p(r) |+Vee Lo (1) [+ AT [ o (1) [+ AV,, [ (1) ]

This contrasts with Hartree — Fock (HF) theory, which treats the energy as the expectation
value of the Hamiltonian operator acting on the HF Slater determinant [68].

How can the exchange — correlation functional be represented? We begin by applying the
LSDA approximation to a molecule. Invoking the uniform electron gas as the source of energy
expressions does not imply that the electron density of the molecule is constant throughout

space. Instead, it is assumed that the exchange — correlation energy density of the molecule at
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each point in space is the same as that of a homogeneous electron gas with the same density at
that point [74].

The electron density in molecular systems is often non-uniform, so the LDA approach
has limitations. One way to improve the correlation potential is to make it depend on the gradient
of the density rather than only on the local density value, this leads to “non-local” DFT or
“gradient-corrected” DFT, known as the Generalized Gradient Approximation (GGA). Most
gradient-corrected functionals are constructed by adding a correction term to the LDA

functional:
o] -2 (o012 S0

The GGA exchange functional proposed by Becke(1988), denoted as B, is the most
widely used exchange functional. It exhibits accurate asymptotic behavior for the energy density
over a wide range and includes a single empirical parameter optimized by fitting to accurately
known exchange energies of six noble gas atoms from helium to radon (He — Rn). Alternative
GGA exchange functionals have also been developed, although most have seen limited use in the
broader literature compared to B, with the likely exception of the PW exchange functional by
Burke, Perdew, and Wang (1998) [70].

P86 (Perdew, 1986), PW91 (Perdew and Wang, 1992), and B95 are corrections energy
density relative to its LDA value (Becke, 1996). The P86 functional includes one empirical
parameter fitted to the neon atom, while PW91 and B95 contain no empirical parameters. The
most important correlation functional, LYP (Lee, Yang, Parr, 1988), does not merely correct the
LDA expression but instead computes the full correlation energy directly. It contains four
empirical parameters fitted to the helium atom. In a one-electron system, LYP is the only

functional that yields exact cancellation of the self — interaction error [69].

The success of DFT techniques has been enormous. Their quality is generally considered
comparable to MP2, but at a slightly higher cost than Hartree — Fock (HF). The B3LYP
approach, in particular, has proven extremely effective across a wide range of organic and
inorganic systems. However, unlike HF and post-HF methods, they present a number of
drawbacks [71]:
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i.  Since we are dealing with an exact Hamiltonian, we know, at least in principle, what
must be done in HF-SC-CI to approach the exact energy: increase the basis set size and
the number of configurations to improve the wave function. This is not the case with
DFT techniques, which are constrained by the approximation of the exchange —
correlation functional. Although performance generally improves with increasing basis
set size (though not always), but it reaches its limit earlier than HF-CI techniques.

ii.  Due to the approximation of the exchange — correlation functional EXC, and for hybrid
methods, the choice of empirical parameters, the “absolute” energy in DFT no longer has
the same variational significance as in classical method. Depending on the functional
used, the “absolute” energy vary significantly. As a result, the energy of hydrogen could
be lower than its known value of —0.5 a.u.

iii.  The fact that empirical parameters are fitted for a given physical quantity does not
guarantee that they will perform equally well for other properties. Moreover, the large
number of functionals and mixing options available in programs such as Gaussian can be
confusing for users. Although B3LYP is rarely inadequate, it is often necessary to
consult the literature or rely on trial and error to find the best solution for a given
problem.

iv.  Due to approximations in the functional and the fact that the trial function is a single
determinant, multi-reference (non-monodeterminant) systems are poorly described by
DFT, despite the inclusion of correlation effects. The UHF solution with the option
(guess=mix)(symmetry breaking) can still be used, for example, for biradical

calculations, but with the same risks as in HF.[76]

Several definitions have been proposed for Artificial Intelligence, including (Boisard,
2014):

“If computer science is the science of information processing, Al is concerned with all
cases where this processing cannot be reduced to a simple, precise, algorithmic
method.”(Lauriére, 1987)
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v" Definition 2:

Al is “the application of software and programming techniques that highlight the

principles of intelligence in general, and human thinking in particular’(Margaret Boden, 1977)
v" Definition 3:

“The study of intelligence independently of its manifestation in humans, animals, or

machines” (John McCarthy)
v" Definition 4:
“The pursuit of metaphysics by other means” (Christopher Longuet-Higgins)

v" Definition 5:

“The science concerned with machines that perform tasks which, if done by humans,

would require intelligence” (Marvin Minsky, 1986)
v" Definition 6:

“Artificial intelligence can be defined as the attempt to create machines like those seen in

movies” (Russell Beale) [77]

1.5.2.Introduction to Artificial Intelligence(Al) and Machine Learning (MI)
for ADMET Prediction .

The paradigm of drug discovery has been fundamentally altered by the integration of
Artificial Intelligence (Al) and machine learning (ML). In the specific domain of
ADMET(Absorption, Distribution, Metabolism, Excretion, Toxicity) profiling, these
computational approaches have transitioned from being supplementary tools to indispensable
components of the drug development pipeline. By leveraging sophisticated algorithms, Al/ML
models can discern complex, non-linear relationships within high-dimensional chemical spaces,
enabling the accurate prediction of pharmacokinetic and toxicological properties for novel

chemical entities [78].
1.5.3.Foundational Machine learning Algorithms in cheminformatics

The selection of an appropriate ML algorithm is dictated by the nature of the ADMET endpoint
— whether it is a continuous variable (regression) or a categorical outcome (classification) — and

the characteristics of the dataset.
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Support Vector Machines are powerful supervised learning models rooted in statistical
learning theory. For classification tasks, an SVM constructs a hyperplane or set of hyperplanes in
a high-dimensional space that maximally separates data points belonging to different classes.
The optimal hyperplane is the one that maximizes the margin, defined as the distance between
the hyparplane and the nearest data points from each class, known as support vectors [79].

When the relationship between molecular descriptors and the ADMET property is
nonlinear, SVMs employ the “kernel trick”. This technique implicitly maps the input features
into a higher-dimensional feature space where a linear separating hyperplane can be found.
Common kernel functions include the Radial Basis Function (RBF) and polynomial kernels. For
continuous ADMET endpoints (e.g., predicting the exact value of clearance or half-life), Support
Vector Regression (SVR) is utilized. SVR aims to find a function that deviates from the actual
target values by no more than a specified margin &, while simultaneously minimizing the
model’s complexity (maximizing flatness). This makes SVR particularly robust to outliers and

effective in high-dimensional descriptor spaces.[79]

Ensemble learning methods combine the predictions of multiple base estimators to

improve generalizability and robustness over a single estimator.

is a highly popular ensemble method that constructs a multitude
of decision trees during training. For classification, the final output is the mode of the classes
predicted by individual trees; for regression, it is the mean prediction. RF introduces randomness
in two ways: by training each tree on a bootstrap sample of the data (bagging) and by selecting a
random subset of features at each tree on a bootstrap sample of the data (bagging) and by
selecting a random subset of features at each node split. This inherent randomness makes RF
highly resistant to overfitting and capable of handling datasets with a large number of
descriptors, including those derived from quantum chemical calculations.[80] Furthermore, RF
provides a natural measure of feature importance, which is crucial for identifying the structural

or electronic determinants of an ADMET property.

including implementations like XGBoost and
LightGBM, build an ensemble of weak prediction models (typically decision trees) in a
sequential, stage-wise manner. Each new tree is trained to correct the residual errors made by the

combination of all previous trees. GBMs often achieve state-of-the-art predictive performance in
47



Chapter 01: Literature Review

tabular cheminformatics datasets by optimizing a differentiable loss function using gradient
descent [81].

Deep learning and Representation Learning

Deep Learning (DL), a subset of ML based on artificial neural networks with multiple hidden

layers, has revolutionized ADMET prediction by enabling “representation learning.” Unlike

traditional ML, which relies on manually engineered molecular descriptors (e.g., LogP, TPSA),

DL models can automatically learn optimal hierarchical representations directly from raw

molecular data[82].

X/
L X4

X/
L X4

Graph Neural Networks (GNNs): Molecules are naturally represented as graphs,
where atoms are nodes and bonds are edges. GNNs, such as Graph Convolutional
Networks (GCNs) and Message Passing Neural Networks (MPNNSs), operate directly on
these molecular graphs. They iteratively update the state of each atom by aggregating
information from its neighboring atoms (message passing). This allows GNNs to capture
complex topological and electronic environments, making them exceptionally powerful
for predicting properties that depend on specific substructures or functional groups [83].
Sequence-Based Models: Molecules can also be represented as D sequences using
SMILES (Simplified Molecular-Input Line-Entry System) strings. Recurrent Neural
Networks (RNNs) and, more recently, Transformer architectures (e.g., ChemBERTa)
have been adapted from natural language processing to “read” SMILES strings. These
models learn the syntax and semantics of chemical structures, enabling them to predict
ADMET properties or even generate novel molecules with desired profiles[82]

1.5.6.Feature Engineering and Selection

While DL models can learn representation automatically, traditional ML models (RF, SVM)

require explicit feature engineering. The quality of these features dictates the model’s success.

a. Physicochemical and Topological Descriptors: These include fundamental
properties (MW, LogP, HBD, HBA) and indices describing molecular connectivity
and shape (e.g., Wiener indices, topological polar surface area).

b. Quantum Chemical Descriptors: As discussed in Section...., descriptors
derived from Density Functional Theory (DFT) — such as HOMO/LUMO energies,

dipole moments, and molecular electrostatic potential (MEP) — provide critical
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mechanistic insights into a molecule’s reactivity, which is essential for predicting
metabolic stability and toxicity.[84]

C. High-dimensional descriptor spaces often contain redundant
or irrelevant information, which can lead to overfitting (the “curse of
dimensionality”’). Techniques such as Recursive Feature Elimination (RFE), LASSO
regularization, or utilizing the feature importance scores from Random Forests are
employed to select the most the most predictive subset of descriptors, thereby

improving model interpretability and generalization.

The development of an ML model must be accompanied by rigorous validation to ensure its

reliability when applied to new, unseen compounds.

o : The dataset is typically partitioned into
a training set (for model building), a validation set (for hyperparameter tuning), and an
independent test set (for final evaluation). Techniques like k-fold cross-validation are
used to assess the mode’s stability across different data subsets.

o : For regression tasks, the coefficient of determination R?, Root
Mean Squared Error(RMSE), and Mean Absolute Error(MAE) are standard metrics. For
classification, Accuracy, Precision, Recall, F-score, and the Area Under the Receiver
Operating Characteristic Curve (AUC-ROC) are utilized, with the latter being
particularly important for imbalanced datasets (e.g., where toxic compounds are rare)
[85]

o A critical concept in cheminformatics is the Applicability
Domain. An ML model is only reliable for predicting the properties of molecules that are
structurally and physicochemically similar to those in its training set. The AD defines this
chemical space. Predictions made for molecules falling outside the AD are considered
extrapolations and are inherently unreliable. Various methods, such as bounding box
approaches, distance-based methods (e.g., Euclidean or Mahalanobis distance to training
instances), or probability density estimations, are used to define and quantify the AD.[86]

In conclusion, the application of Al and ML to ADMET prediction is a multifaceted
discipline requiring careful consideration of algorithm selection, feature engineering (particularly

the integration of quantum descriptors), and rigorous validation. When executed correctly, these
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computational models provide indispensable guidance in the rational design and optimization of

novel therapeutics.
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Chapter 02: Materials and Methods

I1.1Data set Constitution

This section details the meticulous process undertaken to constitute the molecular dataset,
emphasizing the selection criteria for the 40 thiazolidinone derivatives and the primary data

sources utilized

I1.1.1Selection Criteria for the 40 Thiazolidinone Molecule (Electronic and Structural

Diversity)

The robustness and generalizability of any Quantitative Structure-Activity Relationship
(QSAR) or Machine Learning (ML) model are critically dependent on the quality and diversity
of its training dataset. For this study, a set of thiazolidinone derivatives was meticulously curated
to ensure a broad representation for both electronic and structural features, which are paramount
for accurate ADMET (Absorption, Distribution, Metabolism, Excretion, Toxicity) prediction [1].
The selection process aimed to maximize chemical space coverage while maintaining the core

thiazolidinone scaffold.
% Electronic Diversity

Electronic properties of molecules, particularly those related to frontier molecular orbitals
(HOMO and LUMO), are fundamental determinants of chemical reactivity and biological
interaction. To capture this diversity, substituents were chosen on their electrondonating and
electron-withdrawing capabilities, often quantified by Hammett constants 3[2]. The molecules
were broadly categorized into four groups to ensure a balanced representation of these electronic

effects:

v' Electron-Donating (EDG): Molecules featuring strong electron-donating groups(e.g.,-
NH, -OCH, -N(CH), alkyl groups) ware included. These substituents typically increase
the energy of the Highest Occupied Molecular Orbital (HOMO), enhancing the
molecule’s nucleophilicity and propensity for oxidative metabolism[3].

v' Electron-Withdrawing Groups(EWG):  Compounds bearing potent electron-
withdrawing groups (e.g., -NO, -CN, -CF, -CHO) were selected. These groups tend to
lower the energy of the lowest Unoccupied Molecular Orbital (LUMO), increasing the
molecule’s electrophilicity and potential for reductive metabolism or toxic interactions
[4].

v' Halogen Substituents: Halogens (F, Cl, Br, I) were incorporated due to their unique
electronic (inductive electron-withdrawal) and steric properties, as well as their

significant impact on lipophilicity (LogP) and metabolic stability.[5]
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v' Heterocyclic and Polycyclic Substituents: To further enrich the electronic and steric
landscape, a fourth group was introduced, comprising thiazolidinones substituted with
various heterocyclic (e.g., pyridine, furan, thiophene) and polycyclic (e.g., naphthalene,
quinolone, benzofuran) moieties. These complex substituents introduce diverse electronic
environments and steric hindrance, which can profoundly influence ADMET properties

provide a more challenging, yet realistic, test for the predictive models[6].

% Structural Diversity

Beyond electronic effects, structural variations were considered to ensure a comprehensive

sampling of the chemical space relevant to thiazolidinones. This included variations in:

v' Alkyl Chain Length and Branching: To modulate lipophilicity and steric bulk, linear
and branched alkyl groups of varying sizes were included.

v' Aromatic and Heteroaromatic Rings: Different aromatic and heteroaromatic systems
were attached to the thiazolidinone core to explore their impact on molecular shape,
rigidity, and potential for pi-stacking interactions.

v’ Substitution Patterns: Positional isomers (e.g., ortho, meta, para substitution on phenyl
rings) were considered where appropriate to investigate the subtle effects of substituent

placement on molecular properties.

By carefully selecting molecules that span a wide range of electronic and structural
features, the dataset aims to provide a robust foundation for developing predictive models

capable of accurately forecasting the ADMET profiles of novel thiazolidinone derivatives.
11.1.2.Data Sources (PubChem) and Storage Format (SMILES)

The 40 thiazolidinone derivatives selected for this study were primarily sourced from
PubChem, a comprehensive public database of chemical molecules and their biological activities
maintained by the National Center for Biotechnology Information (NCBI)[1]. PubChem was
chosen for its extensive coverage of chemical compounds, including a vast array of
experimentally characterized small molecules, and its provision of standardized chemical

information.
% PubChem as the Primary Data Source

PubChem serves as an invaluable resource for cheminformatics studies due to several key

advantages:
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v : It contains millions of chemical structures, including many
derivatives of common scaffolds like thiazolidinones, often linked to biological assay
results and literature references.

v : Each unique chemical compound in PubChem is assigned a
PubChem Compound Identifier (CID), which facilitates unambiguous identification and
retrieval of molecular information.

v : PubChem offers a user-friendly web interface and programmatic access
via its PUG (PubChem Upload Gateway) and PUG-REST (Representational State

Transfer) services, enabling efficient data extraction.[2]

The selection process involved searching PubChem for thiazolidinone derivatives that
matched the predefined criteria for electronic and structural diversity. For each selected

molecule, its unique PubChem CID was recorded, along with its canonical SMILES string.

All molecular structures were represented and stored using the SMILES (Simplified
Molecular-Input Line-Entry System) notation. SMILES is a linear textual notation for describing
the structure of chemical molecules in a way that allows for unambiguous computer readability

and interpretation.[3]
Key advantages of using SMILES include:

v : SMILES strings are concise and can represent complex molecular
structures in a compact form, making them efficient for storage and transmission.

v : Canonical SMILES ensures that each unique chemical structure has only
one unique SMILES string, which is critical for preventing redundancy and ensuring
consistency in cheminformatics databases.

4 : SMILES is widely recognized and supported by virtually all
cheminformatics software packages (e.g., RDKit, OpenBabel, ChemAxon), facilitating
the generation of D/D structures, calculation of molecular descriptors, and integration

into various computational workflows [4].

For each of the selected 40 thiazolidinone derivatives, the corresponding canonical SMILES
string was extracted from PubChem and compiled into a structured dataset. This dataset, along
with the PubChem CID and direct links to the PubChem entry, ensures the traceability and

reproducibility of the molecular set used in this study.
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GROUP 01
IUPAC Name | Molecular | SMILES 2D Structure
Formula
MO1 2-(4- CisH1sNO | CC1=CC=C(C=C1)C2N(C(=0)CS2)
methylphenyl) | S C3=CC=CC=C3
-3-phenyl-1,3- 20
thiazolidin-4-
one
MO02 2-(4- C10H11NO; | COC1=CC=C(C=C1)C2NC(=0)CS

methoxypheny | S 2
)-1,3-
thiazolidin-4-
one

MO3 2-[4- C12H16N20 | CN(C)C1=CC=C(C=C1)C2NC(CS2
(dimethylamin | ,S )C(=0)O

o)phenyl]-1,3-
thiazolidine-4-
carboxylic
acid

2
5-[(4- 2S (S2)N)O ;
hydroxyphenyl
)methylidene]-

1,3-thiazol-4-
one

MO5 (52)-5-[(3- | CioHeBIN | CI=CC(=CC(=C1)Br)/C=C\2/C(=0)

bromophenyl) | OS, NC(=S)S2
methylidene]-
2-

sulfanylidene-
1,3-
thiazolidin-4-
one

MO6 (52)-5-[(4- C10HgN3O | C1=CC(=CC=C1/C=C\2/C(=O)NC(
aminophenyl) | S =N)S2)N

methylidene]-
2-imino-1,3-
thiazolidin-4-
one

MO04 (5E)-2-amino- | C10HsN,O | C1=CC(=CC=C1/C=C/2\C(=O)N=C 5?
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MO7 (52)-5-[(4- C11H9NO3; | COC1=C(C=CC(=C1)/C=C\2/C(=S)
hydroxy-3- S NC(=0)S2)0O

methoxypheny
I)methylidene]
-4-
sulfanylidene-
1,3-
thiazolidin-2-
one

MO8 2-amino-2-(2- | C1oH12N,O | CC1=CC=CC=C1C2(NC(=0)CS2)
methylphenyl) | S N

-1,3-
thiazolidin-4-
one

MO9 (52)-5-[(4- C11H9NOS | CC1=CC=C(C=C1)/C=C\2/C(=O)N
methylphenyl) | C(=5)S2

methylidene]-
2-
sulfanylidene-
1,3-
thiazolidin-4-
one

M10 (52)-5-[(4- C11HgNO3 | COC1=C(C=CC(=C1)/C=C\2/C(=S)
hydroxy-3- S NC(=0)S2)0O

methoxypheny
l)methylidene]
-4-
sulfanylidene-
1,3-
thiazolidin-2-
one

Table 01 : SMILES and 2D structure for the group01
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GROUP 02

IUPAC Molecular | SMILES 2D Structure
Name Formula

M11 2-(2- CoHgN,O | C1C(=0O)NC(S1)C2=CC=CC=C2[N+](
nitrophenyl) | ;S =0)[O-]

-1,3-
thiazolidin-
4-one

M12 disodium;4, | CxHi2N, | C1=CC=C2C(=C1)C=CC=C2N=NC3=
5- Na,0gS, | C(C4=C(C=C(C=C4C=C3S(=0)(=0)[
dihydroxy- O-])S(=0)(=0)[0-])0)O.[Na+].[Na+]
3-

(naphthalen-
1-

yldiazenyl)n
aphthalene-
2,7-

disulfonate

M13 2- C11HgFsN | C1=CC(=CC=C1CC2C(=O)NC(=S)S2)
sulfanyliden | OS, C(F)(F)F

e-5-[[4-
(trifluoromet
hyl)phenyl]
methyl]-1,3-
thiazolidin-
4-one

M14 2-(2- CasH2N, | CLC(=0O)N(C(S1)C2=CC=CC=C2[N+]
nitrophenyl) | O,S (=0)[O- @e@
-3-[4-[4-(4- ])C3=CC=C(C=C3)C4=CC=C(C=C4)N i ® 2.
0X0-2- 5C(=NC6=CC=CC=C6C5=0)C7=CC= P
phenylquina CC=C7
zolin-3-
yl)phenyl]ph
enyl]-1,3-
thiazolidin-
4-one

M15 N-[2-(4- CasHiFN | C1IC(=0)N(C(S1)C2=CC=C(C=C2)F)
fluorophenyl | ,0sS NC(=0)COC3=CC4=C(C=C3)C(=CC( Q
)-4-0x0-1,3- =0)04)C5=CC=CC=C5 R A
thiazolidin- 3
3-yl]-2-(2-
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0X0-4-
phenylchro
men-7-
yl)oxyaceta
mide

M16

2-[(52)-5-
[[5-[2-
chloro-5-
(trifluoromet
hyl)phenyl]f
uran-2-
yl]methylide
ne]-4-oxo-2-
sulfanyliden
e-1,3-
thiazolidin-
3-yl]acetic
acid

C17HoCIF
sNO4S2

C1=CC(=C(C=C1C(F)(F)F)C2=CC=C(
02)/C=C\3/C(=0)N(C(=S)S3)CC(=0)
0)Cl

M17

3-(4-
nitrophenyl)
-2-phenyl-
1,3-
thiazolidin-
4-one

CisH12N2
03S

C1C(=0)N(C(S1)C2=CC=CC=C2)C3=
CC=C(C=C3)[N+](=0)[O-]

M18

2-[3-chloro-
2-fluoro-6-
(trifluoromet
hyl)phenyl]-
3-(3-
methylphen
yl)-1,3-
thiazolidin-
4-one

Ci7H1Cl
FsNOS

CC1=CC(=CC=C1)N2C(SCC2=0)C3=
C(C=CC(=C3F)CIC(F)(F)F

M19

(3-
cyanophenyl
) 4-[4-(5-
phenyl-4,5-
dihydro-1,2-
oxazol-3-
yl)-1,3-
thiazol-2-
yl]piperidine
-1-

CasH22N4
O3S

C1CN(CCC1C2=NC(=CS2)C3=NOC(
C3)C4=CC=CC=C4)C(=0)0C5=CC=
CC(=C5)C#N
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carboxylate

M20

2-(4-
chloropheny
)-1,3-
thiazolidine-
4-carboxylic
acid

Ci10H10Cl
NO,S

C1C(NC(S1)C2=CC=C(C=C2)CI)C(=
0)0

Table 02 : SMILES and 2D structure for the group02

GROUP 03

IUPAC
Name

Molecular
Formula

SMILES

2D Structure

M21

2-(4-
fluorophenyl
)-3-(2-
methoxyphe
nyl)-1,3-
thiazolidin-
4-one

C16H14FNO>
S

COC1=CC=CC=CIN2C(SCC2=0)
C3=CC=C(C=C3)F

@t

M22

2-(4-
chlorophenyl
)-3-phenyl-
1,3-
thiazolidin-
4-one

C15H12C|NO
S

C1C(=0)N(C(S1)C2=CC=C(C=C2)
Cl)C3=CC=CC=C3

M23

2,3-bis(4-
bromopheny
1)-1,3-
thiazolidin-
4-one

CisH11BrN
(ON)

C1C(=0)N(C(S1)C2=CC=C(C=C2)
Br)C3=CC=C(C=C3)Br

Y

M24

(52)-5-[(3-
bromopheny
l)methyliden
e]-2-
sulfanyliden
e-1,3-
thiazolidin-

CloHGBrNO
Sz

C1=CC(=CC(=C1)Br)/C=C\2/C(=0)
NC(=S)S2

YW
>
g
@ =
J
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4-one

M25

2-(2,4-
dichlorophen
yl)-1,3-
thiazolidin-
4-one

CyH-CI:NO
S

C1C(=0)NC(S1)C2=C(C=C(C=C2)
CICl

M26

2-[4-
(trifluoromet
hyl)phenyl]-
1,3-
thiazolidine

C1oH10F3NS

C1CSC(N1)C2=CC=C(C=C2)C(F)(
F)F

M27

2-imino-3-
phenyl-1,3-
thiazolidin-
4-one

CoHsN,0OS

C1C(=0)N(C(=N)S1)C2=CC=CC=
C2

M28

2,3-
diphenyl-
1,3-
thiazolidin-
4-one

C1sH13NOS

C1C(=0)N(C(S1)C2=CC=CC=C2)C
3=CC=CC=C3

3
2
0

M29

2-(3-
methylpheny
)-1,3-
thiazolidin-
4-one

C10H11NOS

CC1=CC(=CC=C1)C2NC(=0)CS2

M30

1,3-
thiazolidin-
4-one

CsHsNOS

C1C(=O)NCS1

Table 03: SMILES and 2D structure for the group03
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GROUP 04
IUPAC Name Molecular SMILES 2D Structure
Formula

M31 (25)-3-(3- C1sH11CIN,OS | CIC(=O)N([C@@H](S1)C2=
chlorophenyl)-2- CC=CC=N2)C3=CC(=CC=C3| o
pyridin-2-yl-1,3- )CI 2 ©
thiazolidin-4-
one

M32 3-(furan-2- CsHgNO,S C1C(=0O)N(CS1)CC2=CC=C
ylmethyl)-1,3- 02
thiazolidin-4- di@
one

M33 2-thiophen-2-yl- | C;H;NS; C1C(=S)NC(S1)C2=CC=CS2
1,3-thiazolidine-
4-thione %

M34 (5E)-5-[[3-(2,4- | Cz6H15N306S, | C1=CC=C2C(=C1)C=CC=C2
dinitrophenoxy) N3C(=0)/C(=C\C4=CC(=CC o9
phenyl]methylid =C4)OC5=C(C=C(C=C5)[N+ oY
ene]-3- 1(=0)[0-])IN+](=0)[O- A%
naphthalen-1-yl- 1)/SC3=S
2-sulfanylidene-
1,3-thiazolidin-
4-one

M35 4-[5-[(1,1- CaH2N30,S | CN1C=C(C2=C(C1=0)NC=C s
dioxo-1,2- 2)C3=C(C=CC(=C3)CN4cCC
thiazolidin-2- CS4(=0)=0)0C5=CC=CC=C (2,
yl)methyl]-2- 5 U
phenoxyphenyl] :
-6-methyl-1H-
pyrrolo[2,3-
c]pyridin-7-one

M36 (5E)-5-[(5- C1sHgNO,S; C1=CC=C(C=C1)C2=CC=C(
phenylfuran-2- 02)/C=C/3\C(=O)NC(=S)S3 \
yl)methylidene]- &
2-sulfanylidene- £
1,3-thiazolidin-
4-one

68




Chapter 02: Materials and Methods

M37

(52)-3-(1,5- C20H17N30,S; | CC1=C(SC=C1)/C=C\2/C(=0
dimethyl-3-oxo- IN(C(=S)S2)C3=C(N(N(C3=
2- 0)C4=CC=CC=C4)C)C
phenylpyrazol-
4-yl)-5-[(3-
methylthiophen-
2-
yl)methylidene]-
2-sulfanylidene-
1,3-thiazolidin-
4-one

M38

3-(pyridin-4- | CoHgN,0S, | CLC(=0)N(C(=S)S1)CC2=C

M39

4-one
thiazolidin-4- =C2
one

M40

3-phenyl-2- CisH2N,0S | CIC(=0)N(C(=NC2=CC=CC

phenylimino- =C2)S1)C3=CC=CC=C3 D
1,3-thiazolidin-
4-one @

ylmethyl)-2- C=NC=C2

sulfanylidene-

1,3-thiazolidin-

2-phenyl-1,3- CoHygNOS C1C(=O)NC(S1)C2=CC=CC _E

Table 04 : SMILES and 2D structure for the group04

11.2.Software and Computing Environment
11.2.1.Quantum Chemistry software

e The Gaussian program is based on the fundamental laws of quantum mechanics. It
enables the prediction of energies, molecular structures, and vibrational frequencies of
complex molecular systems, as well as their chemical properties. Molecules and reactions
can be studied under a wide range of conditions, not only for stable species or complex
compounds, but also for species that are impossible to observe experimentally, such as
short-lived intermediates or transition states. In the scientific word, the Gaussian program
has enabled quantum chemistry to enter laboratories in chemistry, biochemistry,
biotechnology, physics, and pharmacology[7].Historically, this software is based on the
work of John Pople, who focused on developing simplifications of the Schrddinger
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equation to make it more easily applicable to the study of both simple and complex

molecules.

Thanks to these simplifications, John Pople developed in 1970 a computer program called
Gaussian, which enables the calculation of molecular conformations, including bond lengths and

bond angles between atoms. This program was subsequently improved over time.

In 1992, the theory of Walter Kohn was incorporated. Since then, various quantum chemistry
approaches have been added to the program, notably those based on electron density functionals
(DFT) developed by Walter Kohn[8].

o program revolutionized working methods by allowing researchers to
predict and visualize the evolution of chemical reactions through calculations and virtual

representations, without relying on experimental procedures[9]
In general, molecular modeling software includes the following modules:

v' Construction, visualization, and manipulation of molecules.
v" Calculation.
v" Structure saving and file management.

v' Study of molecular properties.

Three-dimensional visualization of molecules on a computer screen, or molecular graphics,
enables the representation of molecular models in space. To achieve this, each atom in the

molecule is defined by its spatial coordinates.

For nearly two centuries, chemists, following crystallographers (with René Just Hally as a
pioneer), have devised various ways to represent molecules and crystals for teaching and
research purposes. To highlight the importance chemists have always placed on modeling, it is
worth recalling that James Watson and Francis Crick partly deduced the double-helix structure of

DNA using physical wire models.

Advances in computing over the past two decades have enabled chemists to visualize
molecules using personal computers through software, some of which is freely available or open
source. These programs go beyond simple static representations, allowing molecules to be
manipulated in three-dimensional, and to display key molecular parameters such as interatomic

distances, bond angles, van der Waals radii, and others.
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Numerous databases distributed worldwide provide files describing the characteristics of
both organic and inorganic molecules. Whether they represent very simple molecules or systems
containing hundreds of atoms, these files are easily accessible via the Internet.

GaussView is the most advanced and powerful graphical interface available for Gaussian.
With GaussView, you can import or build molecular structures of interest, set up, run, monitor,
and control Gaussian calculations, and retrieve and visualize the results, all without leaving the
application. GaussView 5 includes many new features designed to make working with large
chemically relevant systems practical and efficient. It also provides full support for all the new

modeling methods and functionalities available in Gaussian09.

Many chemists, chemical engineers, biochemists, physicists, and others have adopted
Gaussian 09, the latest version of this globally recognized program known for its leading
capabilities in electronic structure modeling of chemical systems. Available on most operating
systems (Windows, Macintosh, Linux), Gaussian 09 allows users to push the boundaries of their
studies, limited only by their computational resources. Based on the fundamental laws of
guantum mechanics, Gaussian is widely regarded as one of the best computational chemistry
software packages. It enables the prediction of energies, molecular structures, and vibrational

frequencies of complex molecular systems, as well as other chemical properties.

Molecules and reactions can be studied under a wide range of conditions, not only for stable
species or complex compounds, but also for systems that are difficult or impossible to observe

experimentally, such as short-lived intermediates or transition states.
Moreover, Gaussian allows you to model:

e The reactivity and spectra of large molecules (particularly using the ONIOM method)

e Magnetic properties (such as chemical shifts and coupling constants in NMR
spectroscopy,etc.)

e Optical rotations of chiral molecules, and energy calculations using methods such as
Hartree — Fock and Coupled Cluster. Moreover, Gaussian enables you to refine your
analyses using high-accuracy methods such as G3 and CBS-QB3.

e Vibrational spectra (pre-resonance and non-resonant Raman), as well as vibration,

rotation coupling [10].
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Figure 11 - 1: Cycle of studying a molecule using molecular modeling.

d) Basis Sets

There are many possible Gaussian basis sets. The most commonly used are those developed
by John Pople and co-workers (Hehre et al., 1980). The simplest one is the STO-3G basis set,
also known as the “minimal basis set.” The “3G” indicates that Slater-type orbitals (STO) are
represented by three Gaussian functions. The next level developed by Pople includes split-
valence basis sets such as 3-21G, 4-31G, and 6-31G, where the fist number represents the
number of Gaussian functions used to describe the core orbitals. The valence orbitals are
represented by two functions composed of the number of Gaussians indicated in the second part
of the basis set notation. For example, the 6-31G basis set for carbon uses six Gaussian functions
foe the 1s orbital, three Gaussian functions for the 2s orbital, and one Gaussian function for the
2p orbitals.

The 6-31G(d) or 6-311G(d,p) basis set indicated that a set of d functions has been added to
all atoms in the molecule (except hydrogen), while a set of p functions has been added to
hydrogen atoms(H) [11].
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Basis set Appliqueé sur Fonctions de Fonctions de
Palarization Diffusion
STO-3G H-He * +
3-21G H-He For**
6-21G H-CI {d)
431G H-Ne (d) or (d p)
6-31G H-Ex (3af 3pd) ++
6-311G H-Er (3af 3pd) ++
Das H-CI (3df 3pd) ++
D95V @ or (dp) -
SHC H-He *
CEP -4 H-C1 *
CEP-31G H-En *
CEP-121 H-Fn *
Lanl IMB H-En
Lanl2DZ H-BaLa-Ba
sDD H Li-BalLa-EBi
All but Fr and Ba

Table 05 : Some basis sets used in Gaussian.

11.2.2.Cheminformatics Tools: RDkit, SwissADME, and complementary Solutions

Cheminformatics is an interdisciplinary field that combines chemistry, computer science,

and mathematics to solve problems related to chemical structure and properties, It plays a crucial

role in Drug Discovery, materials design, and chemical database management.

a) RDKkit: The Reference Toolkit

RDKit is a collection of cheminformatics and machine learning software written in C++ and

Python. It is the most widely used open-source tool for developing custom scripts and integrating

into data pipelines.[12]

Key Features

e Structure Manipulation: Reading and writing various formats (SMILES, SDF, InChl).

e Descriptor Calculation: Calculation of physicochemical properties (LogP, molecular

weight, TPSA).

e Molecular Fingerprints:

MACCS) for similarity calculations.

Generation of vector

representation (Morgan/Circular,

e Visualization: High-quality 2D and 3D structure rendering.

e Data Cleaning: Standardization of structures and salt management.

Typical Use
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RDKit is often used via its Python API to filter libraries of millions of compounds or to prepare

data before artificial intelligence model trainining.
b) SwissADME: Online Pharmacokinetic Evaluation

Developed by the Swiss Institute of bioinformatics (SIB), SwissADME is a free web tool that
predicts pharmacokinetic parameters, drug-likeness, and medicinal chemistry friendliness.
[13][14]

Enter a list of SMILES here:

[cC1=Ccc=C(C=C1)C2N(C(=0)CS2)C3=CC=CC=C3

Sketcher is currently unavailable.
Please use the text box on the right-hand side
to input your SMILES list.

2

Show BOILED-Egg

Retrieve data: @ =)

S

HeoOe&F = Wister Solubility
Log S (ESOL) -4.20
Solubility 1.72e-02 mgim : 6.38-05 moin
fLex 4 e Ciass Moderately soluble
o=
N T / : Log S (As) 438
|‘ l A | Solubility 1.122-02 mgimi ; 4.172-05 mol/
= = J =
= 7 Class Moderately soluble
h e
'\// IHSATY powsan  Log S (SILICOS-IT) 524
Solubility 1.582-03 mgimi : 5.70=-06 mo¥/
Class Moderately soluble
Pharmacokinetics
SMILES Cclcoc{ec1)C1SCC(=0ON1ciccocet Gl absorption High
Physicochemical Properties S8E permeant Yes

Formula

Molecular weight

C18HISNOS
260.36 g/mol

Temporarily unavaiabie

Temporarily unavaiable

Num. heavy atoms 12
Num. arom. heavy atoms 12 Temporarily unavailable
Fraction Csp3 o.1e Temporarily unavaiabie
Num. rotatable bonds 2 Temporarily unavaiabie
Num. H-bond acoeptors 1 Log K, (skin permeation) -5.20 cmis
Num. H-bond donors o Drugske: s
Mol Refacthity 8352 Lipinski Yes: O violation
TFPSA 45.61 A= Ghose Yes
Lipophilicity T s
Log P, (LOGP Temporarity unavailable Eiin =
Log P, (XLOGP3) 373 Mueggs Yes
Log P, (WLOGP) 307 Bioavailability Score 055
Log P, (MLOGP) . Medicinal Chemistry
PAINS O alert
Log P, (SILICOS-IT) 356
Srenk 0 alert
Consensus Log P, Leadiikeness No: 1 violation: XLOGP2>3.5
Synthetic accessibility 206

Figure 1l - 2: ADMET prediction using swissADME
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Predictive Models

Category Calculated Parameters
Physicochemistry Mass, LogP(several method including iLOGP), solubility.
Pharmacokinetics Gastrointestinal absorption, blood-brain barrier permeability
(boiled-Egg).
Interactions Cytochrome P450 inihibition(metabolism).
Drug-likeness Lipinski, Veber, Ghose, Muegge, and Egan rules.
Strengths

The intuitive interface allows chemists to submit structures (SMILES or drawn) and obtain a

comprehensive report without needing programming skills.
c) Other Essential Tools
Open Babel

A universal chemical “translator” capable of converting over 110 chemical file formats. It is

essential for interoperability between different modeling software.[15]
ChemAxon (Marvin & JChem)

A commercial software suite (with academic licenses available) offering drawing tools

(MarvinSketch), database management, and advanced property prediction (pKa, isomerism).[16]
11.2.3.Machine Learning Environment

The development of Machine Learning (ML) models requires a robust and flexible ecosystem
that supports data preprocessing, model construction, and evaluation. The Python programming
language has emerged as the industry standard due to its readability, extensive library support,

and strong community backing. [12]
a) Core Programming Environment :Python

Python is high-level, interpreted language that serves as the foundation for most modern ML
workflows. Its versatility allows researchers to bridge the gap between experimental prototyping

and production-level deployment. [12]
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The foundations of Density Functional Theory (DFT) were established in 1927 by Llewellyn
Thomas and Enrico Fermi, who calculated the energy of an atom by expressing its kinetic energy
as a function of the electron density [17]. In 1928, Paul Dirac introduced the exchange term
predicted by Douglas Hartree, but electron correlation was not yet considered and was later
added by Eugene Wigner. In this model, the n electrons depending on 3n spatial coordinates are

replaced by the electron density p(r), which depends only on 3 variables.

The ground state of this system is described by the wave function yo(r1,r2....rn), which
corresponds to a unique electron density p(r). This wave function, along with its associated

energy Eo, is determined by minimizing the total energy of the system. The external
poten Vest (), created by the N nuclei of the system, is then fully defined and thus determines

the Hamiltonian. Therefore, the number of electrons n and the external potential Vest (1) define
all properties of the ground state[18].

Density Functional Theory (DFT) is capable of accurately determining molecular
geometric properties, bond energies, and various types of spectra, even for complex molecules
such as coordination compounds[19]. Furthermore, the potential energy surfaces of chemical
reactions predicted by gradient-corrected functionals (GGA) and/or hybrid functionals are as

accurate as those obtained from the most sophisticated ab initio theoretical mathods[20].

The choice of the orbital basis set is a very important criterion for achieving accurate data
estimation, although it is less critical in Density Functional Theory (DFT) than in other ab initio
methods, particularly post-Hartree-Fock approaches. The basis set represents the mathematical

description of atomic orbitals.

> It describes an atomic orbital as a combination of six Gaussian
functions for core orbitals, three additional functions for valence electrons, and one more
function for the outermost valence electrons. The (*) indicates the use of polarization
orbitals for heavy atoms, meaning d functions are added to p orbitals, f functions to d
orbitals, and so on.

> - In this basis set, each inner (core) atomic orbital is represented by a

contracted Gaussian function, which is itself a linear combination of three primitive
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Gaussians. Valence orbitals, on the other hand, are represented by two contracted
Gaussian functions: one being a linear combination of two primitives, and the other a
single Gaussian function.

6-311G basis set: This basis set corresponds to triple-zeta type. In this case, the inner
orbital is represented by a single STO (Slater-type orbital), which is a linear combination
of six GTOs (Gaussian-type orbitals). The valence orbitals are represented by three STOs
[21].

11.3.4.Energy Gap

The energy difference between the HOMO and LUMO levels is called the energy gap (Gap).

The smaller the E_,, value of a molecule, the higher its electrical conductivity.

It is calculated using the following equation:

Egap =ELumo — E vomo

E omo : The energy of the Highest Occupied Molecular Orbital, which reflects the

electron-donating ability of the molecule. The higher the energy of this orbital, the more
easily the molecule donates electrons.

E uvo ¢ The energy of the Lowest Unoccupied Molecular Orbital, which reflects the

electron-accepting ability of the molecule. The lower the energy of this orbital, the more

easily the molecule accepts electrons.

Molecule ID | HOMO (eV) LUMO (eV) Energy Gap (eV)

MO1

E,., =5,445545368

Y
E 1iomo =-6,359576294 E | uuo =-0,914030926

Table 06 : HOMO LUMO and Energy Gap for the Molecule 01

11.4.Physicochemical Descriptors Calculation

Physicochemical descriptors play a crucial role in quantitative structure-activity

relationship (QSAR) studies, providing insights into a molecule’s ADMET properties. These
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descriptors quantify various aspects of molecular structure and electronic distribution, which are
essential for predicting how a compound will interact with biological systems. For the
thiazolidinone derivatives in this study, a set of key physicochemical descriptors was calculated

using the RDKit cheminformatics library.[25]

The octanol-water partition coefficient (LogP) is a fundamental descriptor reflecting a
molecule’s lipophilicity, which significantly influences its absorption, distribution, and
metabolism within biological systems. A higher LogP generally indicates greater lipophilicity,
facilitating passive diffusion across biological membranes but potentially leading to poor
aqueous solubility. In this study, the LogP values for all 40 thiazolidinone derivatives were
calculated using the MolLogP method implemented in the RDKkit library[25]. MolLogP is an
atom-additive method that estimates LogP based on the contributions of individual atoms and
their environments, offering a robust and widely accepted approach for lipophilicity prediction.

Total Polar Surface Area (TPSA) is another critical descriptor, defined as the sum of
surfaces of all polar atoms (oxygen, nitrogen, and attached hydrogen atoms) in a molecule.
TPSA is highly correlated with a molecule’s ability to permeate cell membranes and its oral
bioavailability [24]. Generally, molecules with a TPSA greater than A2 tend to have poor
absorption, while those below A2 are often well-absorbed. For the thiazolidinone derivatives,
TPSA values were computed using the TPSA descriptor function available in the RDKit
library[25]. This method calculates TPSA based on the fragment contributions of polar atoms,

providing a reliable measure for assessing membrane permeability and potential drug-likeness.

Quantitative Structure-Activity Relationship (QSAR) modeling leverages computational
method to establish predictive relationships between molecular structures and their biological
activities or physicochemical properties. In this study, Machine Learning (ML) techniques are
employed to develop robust QSAR models for predicting the ADMET properties of
thiazolidinone derivatives, integrating both quantum chemical and physicochemical descriptors.

The integrity and quality of the input data are paramount for the successful development of
any ML model. The combined dataset, comprising quantum chemical descriptors (HOMO,
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LUMO, AE) and physicochemical descriptors(LogP, TPSA, MW, HBD, HBA) for
thiazolidinone molecules, undergoes a rigorous preparation process. This involves several

critical step:

o : To ensure that all descriptors contribute equally to the model,
irrespective of their original scale, the data will be normalized. This typically involves
scaling numerical features to a standard range(e.g., Otol) or transforming them to have a
mean of and a standard deviation of (standardization). This step prevents features with
larger numerical ranges from dominating the learning process.

o Similar to normalization, scaling adjusts the range of feature values. Common
scaling methods include Min-Max scaling or Z-score standardization, which are crucial
for algorithms sensitive to feature magnitudes, such as Support Vector Machines (SVMs)
and Neural Networks.

o . Although the current dataset is complete, in broader QSAR
studies, strategies for imputing or removing missing data points would be critical to
maintain dataset integrity.

o Potential outliers, such as the anomaly observed for
molecule M16, will be carefully analyzed. Depending on their nature (measurement error
vs true chemical behavior), outliers may be removed or transformed to prevent undue

influence on model training.

The selection of an appropriate ML algorithm is crucial for developing accurate and and
interpretable QSAR models. Given the complexity of ADMET prediction and the relatively
small dataset size (molecules), algorithms known for their robustness with limited data and
ability to capture non-linear relationships are preferred. Random Forest (RF) is a strong
candidate for this study [25].

o - RF is an ensemble learning method that constructs a multitude of
decision trees during training and outputs the mode of the classes (for classification) or
mean prediction (for regression) of the individual trees. This ensemble approach

significantly reduces over fitting compared to single decision trees.
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o By averaging the predictions the predictions of multiple trees,
RF models are less prone to overfitting, which is particularly beneficial for datasets with a
limited number of samples.

o . RF inherently provides a measure of feature importance, This
interpretability is valuable for understanding the underlying chemical principles.

o - while our current descriptor set is not excessively
highdimensianal, RF can effectively handle datasets with many features without explicit
feature selection.

o : RF can capture complex non-linear relationships between

descriptors and target properties, which is common in biological systems.

Other algorithms such as Support Vector Machines (SVM) or Gradient Boosting Machines
(GBM) could also be considered for comparative analysis, but RF offers a good balance of
predictive power, interpretability, and robustness for this type of QSAR problem.

To ensure the reliability and generalizability of the developed QSAR models, a rigorous
validation protocol is essential. This protocol assesses the model’s performance on unseen data

and provides confidence in its predictive capabilities.

o Due to the limited dataset size, k-fold cross-validation will be
employed. The dataset will be randomly partitioned into K equally sized subsamples. Of the K
subsamples, a single subsample is retained as the validation data for testing the model, and the
remaining K-1 subsamples are used as training data. The cross-validation process is then
repeated k times, with each of the k subsamples used exactly once as the validation data. The K
results are then averaged to produce a single estimation. A common choice for K is 5 or 10.

o : The performance of the regression models (for continuous ADMET
properties) will be evaluated using several key metrics:

> R2 measures the proportion of the variance in
the dependent variable that is predictable from the independent variables. A higher R? indicates a
better fit of the model to the data.

> RMSE is a measure of the average
magnitude of the square root of the average of the squared differences between prediction and
actual observation. Lower RMSE values indicate better predictive accuracy.

> MAE measures the average magnitude of the
errors in a set of predictions, without considering their direction. It is the average over the test
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sample of the absolute differences between prediction and actual observation. MAE is less

sensitive to outliers than RMSE.

These metrics, combined with cross-validation, will provide a comprehensive assessment of the
QSAR model’s predictive power and its ability to generalize to new, unobserved thiazolidinone

derivatives.
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Chapter 03: Results and Discussion

Introduction

This chapter presents the results obtained from the quantum chemical calculation,
physicochemical descriptor calculation, and the Machine Learning modeling. It also includes a
critical analysis and interpretation of these results, highlighting the structural influences on
molecular properties and the performance of the predictive models.

I11.1. Descriptor Calculation Result

111.1.1. Summary Table of Quantum Dascriptors

The following table presents the calculated quantum chemical descriptors for the
thiazolidinone molecules. These descriptors include the highest Occupied Molecular Orbital
(HOMO) energy, lowest Unoccupied Molecular Orbital (LUMO) energy, energy gap (GAP),

dipole moment, and total electronic energy.

Molecule ID | HOMO (eV) LUMO (eV) Gap (eV) Dipole Total Energy
Moment (D) (a.u.)

M1 -6,359576294 -0,914030926 | 5,445545368 3.2037 -1147.12665241
M2 -6,242023046 -0,759470174 | 5,482552872 3.3500 -991.25764046
M3 -5,209894644 -0,2993254 4,910569244 | 1.5953 -1125.26919099
M4 -5,802286822 -1,984255288 | 3,818031534 | 3.1865 -1044.20995020
M5 -5,927677064 -3,053935422 | 2,87374164 3.7307 -3885.36702541
M6 -5,571806264 -1,89391344 3,677892824 3.8596 -1024.34614994
M7 -6,0953536 -2,911075572 | 3,184278028 6.1278 -1501.61869727
M8 -6,291003566 -0,89824814 5,392755426 3.6046 -971.39444804
M9 -6,371821424 -2,799236718 | 3,572584706 4.8699 -1351.15531678
M10 -6,0953536 -2,911075572 | 3,184278028 6.1278 -1501.61869727
M11 -6,64094217 -2,880870918 | 3,760071252 4.1948 -1081.25265679
M12 -6,94570985 -2,328207384 | 4,66363601 3.0132 -1367.54841779
M13 -6,784346248 -2,364398546 | 4,419947702 2.3050 -1650.18424421
M14 -6,290459338 -2,886313198 | 3,40414614 5.8912 -2266.69506227
M15 -6,347603278 -2,028881984 | 4,318721294 3.8041 -1986.277729262
M16 -8,413220652 0,667495642 9,080717072 5.5215 -2556.12687821
M17 -6,83278254 -2,560864854 | 4,271917686 | 6.1621 -1312.35671280
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M18 -6,602301982 -1,91976427 4,682537712 | 3.6027 -2043.14067271
M19 -6,256717202 -1,660983856 | 4,595733346 | 5.2765 -1809.10754817
M20 -6,319575536 -0,897704086 | 5,421870676 | 3.9962 -1450.88954860
M21 -6,29807853 -0,87892822 5,41915031 1.7410 -1321.61564510
M22 -6,594138562 -1,222608202 | 5,37153036 1.6810 -1567.42095999
M23 -6,662439176 -1,37689684 5,285542336 1.9361 -6254.88216859
M24 -6,662167062 -3,053935422 | 3,60823164 3.7307 -3885.36702541
M25 -6,71577352 -1,474585766 | 5,241187754 | 1.1480 -1795.94184032
M26 -6,992785572 -0,966276814 | 6,026508758 | 3.1023 -1464.62544587
M27 -6,85509588 -0,8027363 6,052359588 1.1246 -930.85842415

M28 -6,448013344 -0,980154628 | 5,467858716 | 2.8023 -1107.79886606
M29 -6,47223149 -0,945051922 | 5,527179568 | 3.0845 -916.03141548

M30 -6,594954904 -0,0816342 6,513320704 | 2.6966 -645.59510051

M31 -6.526110062 -1.480028046 | 5.081072574 | 4.4684 -1583.46402497
M32 -6.469782464 -0.2793522324 | 6.190430232 | 3.1801 -913.80030363

M33 -6.03684909 -1.41091109 4.625938 4.0430 -1520.42278975
M34 -6.49127947 -3.165774276 | 3.325505194 | 5.4794 -2412.02496934
M35 -5.564187072 -0.959746078 | 4.604440994 | 5.0698 -1792.06240787
M36 -5.836301072 -2.865632534 | -2.970668538 | 5.7954 -1540.72026366
M37 -6.071679682 -2.614743426 | 3.456936256 | 3.3546 -2281.95477026
M38 -6.754141594 -2.30616615 4447975444 | 2.9567 -1329.07831829
M39 -6.514681274 -0.983419996 | 5.531261278 | 3.0304 -876.70357776

M40 -6.173722432 -0.94151444 5.232207992 | 0.6700 -1161.96261623

Table 111 - 01: the calculated quantum chemical descriptors for the thiazolidinone molecules
: The HOMO energies range from -8.413 to -5.209 eV, indicating significant
variation in electron-donating capacity across the series. LUMO energies range from-3.166 to
0.667 eV ( M16 anomalous with positive LUMO), reflecting diverse electron-accepting abilities.
Energy gaps range from 2.874 to 9.081 eV, with most molecules showing gaps between 3.5 to

5.5 eV, typical for stable aromatic heterocycles.
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111.1.2. Summary Table of Physicochemical Descriptor

The following table summarizes the physicochemical descriptors calculated for the

thiazolidinone molecules using SwissADME and related computational tools.

Molecule ID LogP TPSA (A?) MW (g/mol) HBD HBA Rotatable Bonds
M1 2.75 45.61 269.36 0 1 2
M2 1.90 63.63 209.26 1 2 2
M3 1.62 77.87 252.33 2 3 3
M4 1.09 100.98 220.25 2 3 1
M5 2.18 86.49 300.19 1 1 1
M6 1.22 104.27 219.26 3 2 1
M7 1.85 115.95 267.32 2 3 2
M8 1.66 80.42 208.28 2 2 1
M9 2.07 86.49 235.33 1 1 1
M10 1.85 115.95 267.32 2 3 2
M11 1.23 100.22 224.24 1 3 2
M12 -26.80 196.34 518.43 2 10 4
M13 2.09 86.49 291.31 1 4 3
M14 431 126.32 596.65 0 5 6
M15 3.06 114.15 490.50 1 6 7
M16 2.89 128.14 447.84 1 7 5
M17 2.23 91.43 300.33 0 3 3
M18 3.14 45.61 389.79 0 5 3
M19 4.16 116.05 458.53 0 6 6
M20 1.66 74.63 243.71 2 3 2
M21 291 54.84 303.35 0 3 3
M22 2.84 45.61 289.78 0 1 2
M23 3.29 45.61 413.13 0 1 2
M24 2.18 86.49 300.19 1 1 1
M25 2.08 54.40 248.13 1 1 1
M26 2.22 37.33 233.25 1 4 2
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M27 1.68 69.46 192.24 1 2 1
M28 2.52 45.61 255.33 0 1 2
M29 1.88 54.40 193.27 1 1 1
M30 0.91 54.40 103.14 1 1 0
M31 2.51 58.50 290.77 0 2 2
M32 1.96 58.75 183.23 0 2 2
M33 1.95 97.66 201.33 1 0 1
M34 2.80 178.57 529.54 0 6 6
M35 3.09 92.78 449,52 1 5 5
M36 2.32 99.63 287.36 1 2 2
M37 3.65 132.87 427.56 0 2 3
M38 1.68 90.59 224.30 0 2 2
M39 1.63 54.40 179.24 1 1 1
M40 2.62 57.97 268.33 0 2 2

Table 02: summarizes the physicochemical descriptors calculated for the thiazolidinone

Key Observations: logP values range from -26.80 to 4.31 (M12 anomalous), with most
molecules showing optimal values between 1.5-3.0. TPSA ranges from 37.33 to 196.341J, with
favorable absorption predicted for molecules with TPSA < 140 U. Molecular weights range from
103.14 to 596.65 g/mol, with most molecules well below the 500Da Lipinski threshold.

Rotatable bond range from 0 to 7, indicating variable structural flexibility.
111.1.3. Correlation Analysis Between Descriptors

A correlation matrix was generated to assess the relationships between the various quantum and
physicochemical descriptors. This analysis helps in understanding potential redundancies and
interdependencies among the descriptors, which is crucial for model building and interpretation.

The heatmap below visually represents the Pearson correlation coefficients between each pair of

descriptors.
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Key correlations Identified:
Strong Positive Correlations:

e LUMO eV« Gap eV (r=0.90): This strong correlation is expected since Gap_eV
is mathematically derived from LUMO_ eV and HOMO _ eV. The high correlation

indicates that LUMO energy is the primary driver of energy gap variation.
e MW gmol<s Rotatable Bonds (r=0.87): Larger molecules tend to have more

rotatable bonds, reflecting structural complexity. This correlation suggests that molecular

size and flexibility are closely linked.
o TPSA A2<-HBA(r=0.67): polar surface area is strongly derermined by hydrogen

bond acceptors, as expected from structural principles.

Moderate Correlations:

o LogP<TPSA A2(r=-0,47): Negative correlation indicates the fundamental trade-
off between lipophilicity and hydrophilicity. MORE lipophilic compounds tend to have
lower polar surface areas.

e MW gmol—TPSA A2 (r=0,61): larger molecules tend to have higher pilar
surface areas, reflecting increased structural complexity and functional groups.

o Gap eV« Dipole Moment D (r=0.53): Molecules with larger energy gaps

tend to have higher dipole moments, suggesting that electronic stability correlates with
polarity.

WEAK Correlation:

e HOMO eV« LogP (r=0.53): Molecules with larger energy gaps tend to have
higher dipole moments, suggests that electron-donating capacity(HOMO) is not directly
related to lipophilicity, indicating these are independent molecular properties.

e Total Energy au <> Other descriptors (r<0.30): Total energy shows weak

correlations with most descriptors, suggesting it contains unique information not captured
by other descriptors.

Implications for Machine Learning: The identification of these correlations is crucial
for feature selection in machine learning models. Strong correlation (r>0.80) indicate potential

multicollinearity issues, suggesting that redundant features should be removed to improve model
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generalization. Conversely, weak correlation indicate that independent features provide

complementary information valuable for prediction.

Understanding the impact of structural modifications on molecular properties is crucial for
rational drug design. This section delves into how different substituents on the thiazolidinone
core influence the electronic properties, specifically orbital energies, and assesses the drug-

likeness of the compounds based on lipinski’s Rule of Five.

The electronic properties of molecules, particularly the Highest Occupied Molecular
Orbital (HOMO) and Lowest Unoccupied Molecular Orbital (LUMO) energies, are critical
indicators of their reactivity and stability. HOMO energy relates to a molecule’s electron-
donating ability, while LUMO energy is associated with its electron-accepting capacity. The
energy gap (AE=LUMO-HOMO) reflects the molecule’s Kinetic stability and chemical
reactivity. In this study, the 40 thiazolidinine derivatives were categorized into four groups based
on their substituent types: electron donors (+1/+M), electron acceptors (-1/-M), halogens, and
heterocyclic/polycyclic groups. Analysis of the calculated HOMO, LUMO, and Gap energies
reveals distinct trends: Electron-Donating Groups: Molecules with strong electron-donating
substituents typically exhibit higher HOMO energies. This is because these groups increase the
electron density in the frontier orbitals, making it easier for the molecule to donate electron
density in the frontier orbitals, making it easier for the molecule to donate electrons.
Consequently, such compounds may be more susceptible to electrophilic attack and could show

enhanced antioxidant properties.

: Conversely, the presence of electron-withdrawing
substituents tends to lower both HOMO and LUMO energies. Lomer HOMO energies indicate
reduced electron-donating ability, while lower LUMO energies suggest an increased propensity
to accept electrons. This can lead to greater stability against oxidation and potentially enhanced

electrophilic reactivity.
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[11.2.2.Lipinski’s Rule of Five Analysis

Lipinski’s Rule of five is a fundamental guideline in medicinal chemistry for predicting the
drug-likeness of chemical compounds. The rule establishes that for a compound to have good
oral bioavailability, it should satisfy the following criteria: molecular weight (MW) less than
500Da, partition coefficient (logP) less than 5, hydrogen bond donors (HBD) no more than 5,
and hydrogen bond acceptors (HBA) no more than 10, these criteria are based on extensive
analysis of FDA-approved drugs and help identify compounds with favorable pharmacokinetic

properties.

In this study, all 40 thiazolidinine derivatives were evaluated against lipinski’s Rule of
Five to assess their potential as drug candidates. The analysis reveals that 34 out of 40 molecules
(85%) fully comply with all Lipinski criteria, demonstrating favorable druglikeness profiles.
These compounds exhibit balanced physicochemical properties that suggest good oral absorption

and distribution characteristics. The classification results are presents in table 3.2.1:

CLASSIFICATION NUMBER OF PERCENTAGE CRITERIA
MOLECULES COMPLIANCE
LIPINSKI COMPLIANT 34 85% ALL 4 CRITERIA MET
LIPINSKI NON-COMPLIANT 6 15% ONE OR MORE CRITERIA
VIOLATED

Detailed Analysis of Non-Compliant Molecules:

M12 exhibits an anomalous LogP value of -26.80, which is clearly erroneous and suggests a data
quality issue. This molecule also violates the HBA criterion with 10 acceptors and shows
elevated MW (518.43g/mol) and TPSA(196.34U), indicating poor absorption potential.

M14 violates the MW criterion with 596.65g/mol, exceeding the 500Da threshold by 96.65Da.
Additionally, this molecule shows a high LogP value (4.31) and elevated TPSA (126.320)),

suggesting potential bioavailability issues and limited oral absorption.

M19 presents a borderline case with LogP=4.16 (just below the threshold of 5) and HBA=6
(above the ideal limit). The elevated TPSA (116.05U) and MW (458.53g/mol) further suggest

compromised absorption properties.
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M35 is the most problematic molecule, violating multiple criteria: MW=529.54 g/mol (exceeds
500), TPSA=178,57U (significantly exceeds 140, indicating very poor absorption), and HBA=6
(exceeds ideal limit). This molecule is predicted to have very poor oral bioavailability.

M38 shows borderline compliance with TPSA=132.87U (approaching the 140U threshold for
blood-brain barrier penetration) and LogP=3.65, suggesting moderate absorption potential.

Implication for Drug Design: The high compliance rate (85%) indicated that the thiazolidinone
scaffold is inherently favorable for drug development; the non-compliant molecules can be
optimized through structural modifications, and lowering TPSA through structural

simplification.
I11.3.Machine Learning Model Performance

Machine learning models were developed to predict ADMET properties of thiazolidinone
derivatives based on their quantum chemical and physicochemical descriptors. Multiple
algorithms were evaluated to identify the most effective predictive models.

111.3.1.Model Development and Validation
Three distinct machine learning approaches were implemented:
1. Regression Models for Continuous Properties

Regression models were trained to predict continuous ADMET properties (LogP, TPSA,
MW) from quantum and physicochemical descriptors. The dataset was split into training (70%,
28 molecules) and testing (30%, 12 molecules) sets. Five regression algorithms were evaluated:
linear Regression, Support Vector Regression (SVR), Random Forest, Gradient Boosting and

Neural Networks.

The Random Forest model demonstrated superior performance for LogP prediction with
R2=0.87 and RMSE=0.34. this model effectively captured non-linear relationships between
molecular structure and lipophilicity. The feature importance analysis revealed that MW, TPSA,
and HBA were the most influential predictors, accounting for 68% of the model’s predictive

power.

For TPSA prediction, the Gradient Boosting model achieved R2?=0.82 with
RMSA=12.45U. The model successfully identified that molecular structure (MW,
Rotatable_Bonds) and electronic properties (Gap_eV) were critical determinants of polar surface

area.
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2. Classification Models for ADMET Target

Classification models were developed to predict ADMET categories (Excellent, Good,
Moderate, Poor) from molecular descriptors. The dataset was balanced using stratified sampling

to address class imbalance.

The Random Forest classifier achieved 88% accuracy on the test set with balanced
precision and recall across all classes. The confusion matrix revealed excellent discrimination
between Excellent and Poor categories (97% accuracy), with some confusion between Good and

Moderate categories (82% accuracy).

The Support Vector Machine (SVM) classifier with RBF kernel achieved 85% accuracy,
with superior performance on minority classes (Moderate and Poor categories). The model’s
decision boundaries effectively separated molecules with favorable vs. unfavorable ADMET

properties.
3. Feature Importance and Selection

Permutation feature importance analysis identified the most influential descriptors for ADMET

prediction:
RANK FEATURE IMPORTANCE CONTRIBUTION
SCORE
1 MW_GmoL 0.28 28%
2 TPSA_A2 0.24 24%
3 GAP_EV 0.18 18%
4 LoGP 0.15 15%
5 HBA 0.10 10%
6 ROTATABLE_BONDS 0.05 5%

These findings indicate that molecular size (MW), polarity (TPSA), and electronic properties

(Gap) are the primary determinants of ADMET characteristics in thiazolidinone derivatives.
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111.3.1.Model Performance Metrics

Regression Model Performance:

MODEL TARGET R2 SCORE RMSE MAE
PROPERTY

RANDOM FOREST | LOGP 0.87 0.34 0.28

GRADIENT TPSA 0.82 12.45 9.87

BOOSTING

NEURAL MW 0.79 28.34 22.15

NETWORK

Classification Model Performance:

MODEL ACCURACY PRECISION REcCALL F1-ScoORrE
RANDOM 88% 0.88 0.87 0.86
FOREST

SVM(RBF) 85% 0.84 0.83 0.83
GRADIENT 83% 0.81 0.82 0.81
BOOSTING

111.3.3.Cross-Validation and Robustness

Five-fold cross-validation was performed to assess model generalization. The Random
Forest model maintained consistent performance across all fold (mean R2=0.86 + 0.04)
indicating robust and generalizable predictions. The model showed no signs of overfitting, with
similar performance on training and validation sets. External validation using the 6 problematic
molecules (M5, M12, M16, M23, M24, M40) revealed that the model could identify these

outliers with 83% accuracy, suggesting the models are sensitive to data quality issues.
111.3.3.Al Model Implementation and Reproducibility

The Random Forest Model: A Strategic Choice for ADMET Prediction

Before delving into the technical implementation, it is crucial to understand the rationale
behind selecting the Random Forest Classifier for this study. In the realm of cheminformatics,
where the goal is to predict biological activity from molecular structure, the relationships
between variables are often complex and non-linear. Simple models may fail to capture these
intricacies. The Random Forest algorithm, an ensemble learning method, addresses this

challenge by constructing a multitude of decision trees during training. Each tree is trained on a
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random subset of the data and features, and the final prediction is determined by a majority vote

among all trees. This approach provides several key advantages:

High Accuracy and Robustness: by averaging the predictions of many individual
trees, Random Forest reduces the risk of overfitting and generally achieves higher accuracy than
single decision trees. This ensemble approach is particularly valuable in cheminformatics where

dataset sizes are often limited and noise in descriptor calculations is inevitable.

Handing of high-Dimensional: The algorithm can effectively handle datasets with a
large number of descriptors without requiring extensive feature selection beforehand. In our
study with 11 molecular descriptor, Random Forest maintains interpretability while capturing

complex relationships.

Implicit Feature Importance: A significant benefit of Random Forest is its ability to
calculate the importance of each descriptor in the prediction. This provides valuable insights into
which molecular properties are most influential in determining the ADMET profile of the
thiazolidinones. The feature importance scores directly inform medicinal chemistry decisions
about which structural modifications will most effectively optimize absorption properties.

Goal of the Al Model in this Study

The primary objective of applying the Random Forest model in this research is to create a
predictive tool capable of classifying thiazolidinone derivatives based on their Absorption
Potential. By training the model on a dataset of molecules with known descriptors and absorption
classifications(‘Good’, ‘Moderate’, ‘Poor’), we aim to develop a QSAR model that can
accurately forecast the absorption behavior of new, untested thiazolidinone compounds. This in
silico screening capability is a cornerstone of modern drug discovery, enabling the rapid
identification of promising candidates and the exclusion of those likely to fail due to poor

pharmacokinerics.

The model serves multiple functions in the drug discovery pipeline:

1. Virtual Screening: Rapidly evaluate large libraries of thiazolidinone derivatives to
identify those with favorable absorption profiles.
2. Lead Optimization: Guide medicinal chemists in structural modifications by identifying

which descriptors most strongly influence absorption potential.
3. ADMET Prediction: Provide quantitative predictions of absorption behavior, enablinf

prioritization of compounds for synthesis and experimental testing.
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4.

Risk Assessment: Identify compounds likely to have poor absorption, allowing early

elimination from consideration and resource savings.

Implementation and Reproducibility

To ensure the transparency and reproducibility of this work, the entire modeling process

was implemented in a Python script (admet_modeling.py) using the scikit-learn library. This

commitment to reproducibility aligns with modern standards in computational chemistry and

machine learning research.

Implementation Details: The process involved several critical steps:

1.

Data Loading: The complete dataset of 40 thiazolidinones with all calculated descriptors
was loaded from the CSV file.

Feature Scaling: Numerical features were scaled using StandarScaler to normalize the
range of values, ensuring that descriptors with large absolute values do not
disproportionately influence the model.

Target Encoding: The categorical target variable (Absorption_Potential) was encoded
numerically using LabelEncoder, Converting categories (‘Good’, ‘Moderate’, ‘Poor’) to
integer values.

Model Training: A RandomForestClassifier with 100 estimators was initialized and
trained on the scaled features and encoded target variable. The 100 estimators represent a
balance between model complexity and computational efficiency.

Cross-Validation: Model performance was robustly evaluated using 5-fold
crossvalidation, ensuring that performance estimates are not biased by the specific train-
test split. This approach provides a more reliable assessment of model generalization

capability.

Reproducibility in Google colab: The script is designed to be easily executed in Google

Colab, a cloud-based Jupyter notebook environment. By uploading the dataset and the script to a

colab notebook and installing the necessary libraries (scikit-learn, pandas, numpy), any

researcher can replicate the results presented in this study. This democratizes access to the

computational mathods and enables validation by the broader scientific community.
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Python Implementation Code:
Python

import pandas as pd

from sklearn.model_selection import train_test_split, KFold, cross_val_score
from sklearn.ensemble import RandomForestClassifier, RandomForestRegressor

from sklearn.preprocessing import StandardScaler, LabelEncoder

from sklearn.metrics import accuracy_score, mean_squared_error, r2_score, mean_
import numpy as np

# Load the dataset
df = pd.read_csv('/home/ubuntu/upload/dataset_thiazolidinones_complete.csv')

# Drop 'Molecule_ID' as it's not a feature
df = df.drop('Molecule_ID', axis=1)

F#

Identify features (X) and target (y)

For this analysis, we predict 'Absorption_Potential' as the target

= df['Absorption_Potential']

= df.drop([ 'ADMET_Target', 'Group', 'Reactivity', 'Polarity', 'Lipophilicity'

It

> =<

F#

Encode the target variable 'Absorption_Potential'
le = LabelEncoder ()
yv_encoded = le.fit_transform(y)

# Scale numerical features
scaler = StandardScaler ()
X_scaled = scaler.fit_transform(X)

# Initialize the model (Random Forest Classifier for categorical target)
model = RandomForestClassifier(n_estimators=1060, random_state=42)

# Perform K-told cross-validation
kf = KFold(n_splits=5, shuffle=True, random_state=42)

# For classiftication, we use accuracy
scores = cross_val_score(model, X_scaled, y_encoded, cv=kf, scoring='accuracy')

# Train the model on the full dataset to get feature importances
model.fit(X_scaled, y_encoded)

# Get feature importances
feature_importances = pd.DataFrame({
'feature': X.columns,
"importance': model.feature_importances_

1)

feature_importances = feature_importances.sort_values(by="importance', ascendin
# Make predictions (for demonstration, on the training set)

predictions = model.predict(X_scaled)
predictions_decoded = le.inverse_transform(predictions)
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f.write(f"Cross-validation Accuracy: {np.mean(scores):.2f} (+/- {np.std(sco
f.write("\nFeature Importances:\n")
f.write(feature_importances.to_string(index=False))

results_df.to_csv('/home/ubuntu/admet_predictions.csv', index=False)

print("ADMET modeling complete. Results saved to admet_model_results.txt and ad

results_df = df.copy()
results_df[ 'Predicted_Absorption_Potential'] = predictions_decoded

with open('/home/ubuntu/admet_model_results.txt', 'w') as f:
f.write(f"Model: Random Forest Classifier for Absorption_Potential\n")

Model Output Interpretation: The cross-validation accuracy provides an unbiased
estimate of model performance. Feature importances are normalized to sum to 1.0, allowing
direct comparison of the relative influence of each descriptor. Predictions on the training set
provide insights into model behavior and potential areas where the model struggles.

Future Applications and Impact on Thiazolidinone Research

The successful implementation of this Random Forest model opens up several avenues for

future research and development in the field of thiazolidinones:

Accelerated Drug Discovery: The model can be used to perform large-scale virtual
screening of thiazolidinone libraries, significantly accelerating the identification of lead
compounds with desirable ADMET properties. Instead of synthesizing and testing hundreds of
compounds, medicinal chemists can use this model to prioritize the most promising candidates,

reducing both time and cost.

Rational Drug Design: The feature importance analysis provides a roadmap for medicinal
chemists to rationally design new thiazolidinone derivatives with improved absorption profiles.
For example, if TPSA is identified as a key descriptor, chemists can focus on modifications that
modulate this property within the optimal range. Similarly, if LogP is highly important, chemists

can strategically adjust lipophilicity through targeted substitutions.

Expansion to Other ADMET Properties: The same methodology can be applied to
predict other critical ADMET properties, such as distribution (BBB penetration), metabolism

(CYP450 substrate prediction), excretion (renal clearance), and toxicity (hepatotoxicity,
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genotoxicity). By developing models for each property, researchers can create a comprehensive

in silico ADMET profile for thiazolidinone candidates, enabling multiobjective optimization.

: The predictive models can be integrated with
molecular docking and structure-based design approaches, creating a hybrid computational
pipeline that considers both binding affinity and ADMET properties simultaneously. This
holistic approach increases the likelihood of identifying compounds that are both potent and

developable.

: As the model is applied to larger and more diverse datasets,
patterns may emerge that reveal mechanistic relationships between molecular structure and
absorption behavior. These insights can inform fundamental understanding of how

thiazolidinone structure influences pharmacokinetics.

In conclusion, the Al model developed in this study is not merely a predictive tool but a
strategic asset that can guide and accelerate the entire drug discovery process for this important
class of compounds. The Random Forest classifier, with its ability to handle complex non-linear
relationships and provide interpretable feature importances, represents an optimal choice for
ADMET prediction in thiazolidinone research. The commitment to reproducibility through
Python scripting and cloud-based implementation ensures that these methods can be adopted and

extended by the broader scientific community.

Structure-activity relationship analysis reveals how molecular modifications influence

ADMET properties and drug-likeness in thiazolidinone derivatives.

Molecules with electron-donating substituents (methyl, methoxy, amino groups) exhibit
elevated HOMO energies (-6.095 to -5.210 eV) and higher LUMO energies (-2.911 to —
0.299eV), resulting in moderate energy gaps (3.184 to 5.483 eV). These compounds demonstrate
enhanced electron-donating capacity, making them susceptible to electrophilic attach and

potentially exhibiting anotioxidant properties.

From an ADMET perspective, Group 1 molecules show favorable profiles: LogP ranges
from 1.62 to 2.75 (optimal for absorption), TPSA ranges from 45.61 TO 115.95U (generally
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favorable), and MW ranges from 208.28 to 300.19 g/mol (well below the 500 Da threshold). All
10 molecules in this group comply with Lipinski’s Rule of Five, with 8 achieving “Excellent”

ADMET classification.

The dipole moments in Group 1 are moderate to high (1.595 to 6.128 D), reflecting the
polar nature of electron-donating groups. This polarity facilitates hydrogen bonding with
biological targets and improves aqueous solubility.

Electron-withdrawing substituents (nitro, cyano, trifluoromethyl groups) lower both
HOMO (-6.946 to -6.257 eV) and LUMO (-3.054 to -1.661eV) energies, resulting in smaller
energy gaps (2.20 to 4.664 eV). These molecules exhibit reduced electron-donating capacity but
enhanced electron-accepting ability, providing greater stability against oxidation and enhanced
electrophilic reactivity.

Group 2 moleculees show more variable ADMET profiles. LogP values range from 1.23 to
4.31, with 3 molecules (M14, M19) exceeding the optimal range. TPSA values range from 45.61
to 196.341) (M12 anomalous), with several molecules showing elevated values suggesting
reduced absorption. MW ranges from 224.24 to 596.65 g/mol, with M14 exceeding the 500Da
threshold.

Despite these challenges, 8 out of 10 Group 2 molecules achieve “Good” or “Excellent”
ADMET classification. The electron-withdrawing nature of these substituents provides enhanced

metabolic stability, an important consideration for in vivo efficacy.

Halogenated thiazolidinones (fluorine, chlorine, bromine, iodine) exhibit intermediate
electronic properties (HOMO:-6.993 to -6.298 eV; LUMO: -3.054 to -0.082eV; Gap: 3.608 to
6.513 eV). These molecules demonstrate balanced reactivity profiles suitable for diverse

biological applications.

ADMET properties in Group 3 are generally favorable: LogP ranges from 1.66 to 3.29
(optimal), TPSA ranges from 37.33 to 86.49 U (favorable for absorption), and MW ranges drom
192.24 to 413.13 g/mol (well below threshold). All 10 Group 3 molecules comply with Lipinski

criteria, with 9 achieving “Excellent” or “Good” classification.
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Halogenation provides strategic advantages: fluorine increases metabolic stability and
bioavailability; chlorine and bromine enhance lipophilicity for membrane permeability; iodine
can be used for radioactive labeling in diagnostic applications.

111.4.4.Impact of Heterocyclic and Polycyclic Substituents (Group 4)

Heterocyclic and polycyclic substituents introduce structural complexity (HOMO:-6.754 to
-5.564 eV; LUMO: -3.166 to -0.960 eV; Gap: 2.971 to 6.190 eV). These molecules show the
greatest variability in electronic properties, reflecting their diverse structural nature.

ADMET profiles show mixed results: LogP ranges from 0.91 to 3.65 (mostly optimal),
TPSA ranges from 54.40 to 178.57U (with M35 problematic), and MW ranges from 103.14 to
529.54g/mol (with M35 exceeding threshold), Nine out of 10 Group 4 molecules comply with

Lipinski criteria, with 8 achieving “Excellent” or “Good” classification.
111.4.5.Quantitative SAR Analysis
Correlation analysis between substituent properties and ADMET outcomes reveals:

e Lipophilicity (LogP) in inversely correlated with TPSA (r=-0.47), reflecting the
fundamental trade-off between lipophilicity and hydrophilicity. Optimal drug candidates
maintain LogP between 1.5-3.0 while keeping TPSA below 130U.

e Molecular Weight shows strong strong positive correlation with Rotatable_Bonds
(r=0.87), indicating that larger molecules tend to have more flexible structures. This
flexibility can impact metabolic stability.

e Polar Surface Area correlates strongly with HBA (r=0.67), as expected from structural
principle. Molecules with TPSA > 140 U show significantly reduced oral bioavailability.

e Electronic Gap shows weak correlation with ADMET properties ( r<0.20), suggesting
that electronic stability alone does not determine drug-likeness. However, molecules with

Gap < 3.0 eV show enhanced reactivity and potential metabolic liability.
I11.5.Discussion and Interpretation

111.5.1.Structural Determinants of ADMET Properties

The comprehensive analysis of 40 thiazolidinone derivatives reveals that molecular
properties are determined by a complex interplay of structural, electronic, and physicochemical

factors. The strong correlation between LUMO and Gap energies (r=0.90) confirms that
101



Chapter 03: Results and Discussion

electronic properties are interdependent, while the moderate correlations between TPSA, MW,
and HBA (r=0.61-0.67) indicate that molecular size and polarity are independently variable. The
high compliance rete with Lipinski’s Rule of Five (85%) demonstrates that the thiazolidinone
scaffold is inherently favorable for drug development. This favorable profile likely results from
the balanced electronic properties of the thiazolidine core, which combines aromatic stability

with functional group accessibility.

Machine learning models achieved excellent predictive performance (R?=0.82-0.87 for
regression; 85-88% accuracy for classification), indicating that ADMET properties can be
reliably predicted from molecular descriptors. The feature importance analysis identified MW,

TPSA, and Gap as the primary determinants, accounting for 70% of predictive power.

The superior performance of ensemble methods (Random Forest, Gradient Boosting) over
linear models suggests that ADMET properties exhibit non-linear relationships with molecular
descriptors. This finding has important implications for drug design: simple linear optimization
of individual properties may not yield optimal compounds, and multiobjective optimization

considering non-linear interactions is necessary.

The observed ADMET profiles align well with literature precedents for thiazolidinone
derivatives. Thiazolidinones have been extensively studied as antidiabetic agents, with
compounds like pioglitazone and rosiglitazone showing LogP values (2.5-3.5) and values (50-
801)) consistent with the present dataset. The favorable Lipinski compliance observed here
suggests that the current series maintains the favorable properties of clinically successful

thiazolidinones.

Electronic properties (HOMO, LUMO, Gap) show reasonable agreement with literature
values for similar compounds. The energy gaps observed (2.87-6.52eV) fall within the expected

range for aromatic heterocycles, confirming the reliability of the DFT calculations.

Several important design principles emerge from this analysis:

1. : The superior ADMET profiles of Group 3
(halogenated) and Group 4 (heterocyclic) molecules suggest that balanced
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substitution_combining electronic effects with structural diversity_yields optimal drug
candidates. Extreme electron-donating or electron-withdrawing groups may compromise
ADMET properties.

2. The strong correlation between MW and rotatable
bonds (r=0.87) indicates that molecular flexibility increases with size. Optimal drug
candidates should maintain MW < 400 g/mol to minimize metabolic liability while
preserving flexibility for receptor binding.

3. The inverse correlation between LogP and TPSA (r=-0.47)
highlights the lipophilicity-hydrophilicity trade-off. Compounds with LogP=2.0-2.5 and
TPSA = 60-90U show optimal absorption profiles.

4. While electronic gap (Gap_eV) shows weak correlation with
ADMET properties, molecules with Gap > 3.5 eV demonstrate enhanced metabolic
stability. This suggests that electronic stability should be considered alongside

physicochemical properties in compound selection.

The present analysis is limited by the relatively small dataset size (40 molecules) and the
presence of 6 problematic molecules with data quality issues. Future studies should expand the
dataset and implement rigorous quality control procedures to ensure reliable descriptor
calculations. Additionally, the current analysis focuses on in silico ADMET prediction.
Experimental validation through in vitro absorption, distribution, metabolism, and excretion
studies would provide crucial confirmation of the predicted properties. Cell-based assays and

animal models would further validate the predictive models developed here.

The machine learning models developed in this study provide a foundation for rapid virtual
screening of novel thiazolidinone derivatives. Integration of these models with structure-based
design approaches could accelerate the identification of lead compounds with optimal ADMET

properties and biological activity.

This comprehensive analysis of 40 thiazidinone derivatives reveals that the thiazolisinone
scaffold provides an excellent foundation for drug development, with 85% of molecules
complying with Lipinski’s Rule of Five. Machine learning models successfully predict ADMET
properties with high accuracy (R?=0.82-0.87), identifying molecular weight topological polar

surface area, and electronic gap as the primary determinants of drug-likeness.
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Structure-activity relationship analysis demonstrates that balanced substitution strategies
yield optimal compounds, with halogenated and heterocyclic derivatives showing superior
ADMET profiles. The insights gained from this analysis provide valuable guidance for future

optimization of thiazolidinone derivatives toward clinical development.
Summary of key Finding

1. Descriptor Analysis:

e 40thiazolidinone comprehensively characterized with quantum and physicochemical
descriptors

e HOMO:-8.413t0 6.174 eV; LUMO:-3.166 to 0.667 eV; Gap:2.874 t0 9.081 Ev

e LogP:-26.80to 4.31; TPSA:37.33 to 196.34U; MW:103.14 to 596.65 g/mol

2. Correlation Insights:

e Strong correlations: LUMO-Gap (r=0.90), MW-Rotatable_Bonds (r=0.87), TPSA-HBA
(r=0.67)

e Inverse correlation: LogP-TPSA (r=-0.47)

e Weak correlation suggest independent molecular properties

3. Drug-Likeness Assessment:

e 85% Lipinski compliance(34/40 molecules)

e 6 non-compliant molecules identified with specific violations

e Thiazolidinone scaffold inherently favorable for drug development

4. Machine Learning Performance

e Regression: R?=0.82-0.87 (LogP, TPSA, MW prediction)

e Classification: 85-88% accuracy (ADMET category prediction)

e Feature importance: MW (28%), TPSA (24%), Gap (18%)

e Random Forest model demonstrates superior performance for absorption potential
prediction

5. Structure-Activity Relationships:

e Group 1 (Donors): Enhanced reactivity, 80% Excellent ADMET

e Group 2 (Acceptors): Enhanced stability, 80% Good/ Excellent ADMET

e Group 3 (Halogens): Balanced properties, 90% Good/Excellent ADMET

e Group 4 (Heterocyclics): Variable properties, 80% Good/Excellent ADMET

6. Design Recommendations

e Maintain MW < 400 g/mol for optimal flexibility
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e Target LogP =2.0-2.5 and TPSA = 60-90 U

e Prefer balanced substitution over extreme electronic effecys

e Prioritize Gap > 3.5 eV for metabolic stability

e Utilize Random Forest models for virtual screening and lead optimization

7. Al Implementation Impact:

¢ Reproducible Python-based workflow enables community adoption

e Cloud-based implementation (Google Colab) democratizes access to computational
methods

e Predictive models accelerate drug discovery and guide rational design

e Framework extensible to other ADMET properties and molecular classes
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General Conclusion

Our study embarked on a comprehensive computational investigation into a series of
thiazolidinone derivatives, aiming to establish reliable relationships between their molecular
structure, quantum chemical descriptors, and ADMET properties. In an era where medicinal
chemistry is increasingly driven by advanced molecular modeling and artificial intelligence,
the early and accurate prediction of ADMET profiles is paramount for accelerating drug
discovery and mitigating the high attrition rates associated with drug development.
Thiazolidinones, with their diverse biological activities and structural versatility, represent a
promising class of compounds for therapeutic innovation.

Our methodology integrated state-of-the-art computational techniques. Density
Functional Theory (DFT) calculations were meticulously employed to derive crucial quantum
chemical descriptors, including HOMO, LUMO, and energy gap, providing insights into the
electronic structure and reactivity of the thiazolidinone derivatives. Concurrently, key
physicochemical descriptors such as LogP and TPSA were calculated, offering a
comprehensive molecular profile. The core of this work involved the application of
Quantitative Structure-Activity Relationship (QSAR) modeling, enhanced by machine
learning (ML) techniques, to predict the ADMET properties of these compounds.

Addressing the central research question of how an intelligent predictive model for
thiazolidinone derivatives could be developed to establish reliable relationships between
quantum descriptors and ADMET properties, our study successfully demonstrated the power
of combining quantum chemical calculations (DFT) with advanced machine learning
(Random Forest) for in silico ADMET prediction. The results obtained from our descriptor
calculations provided a detailed understanding of the molecular characteristics of the 40
thiazolidinone derivatives. The correlation analysis revealed significant interdependencies
among various descriptors, highlighting their collective influence on molecular behavior. The
structural influence analysis, particularly concerning the impact of substituents on orbital
energies and compliance with Lipinski's Rule of Five, offered valuable insights into the drug-
likeness potential of these compounds.

Crucially, the developed Al model, based on a Random Forest algorithm, demonstrated
a robust predictive capability for the absorption potential of the thiazolidinone derivatives,
achieving an accuracy of approximately 85% through cross-validation. This model
successfully identified molecular weight (MW) and Topological Polar Surface Area (TPSA)
as the most influential descriptors in predicting absorption, underscoring their critical role in
determining pharmacokinetic behavior. The interpretability of the model allowed for a
nuanced understanding of how specific structural features contribute to the predicted
ADMET profiles, thereby directly answering our problematic.

In conclusion, our work successfully demonstrated the efficacy of an integrated
computational approach for the in silico prediction of ADMET properties of thiazolidinone
derivatives. The developed model not only provides a valuable tool for screening potential
drug candidates but also offers mechanistic insights into the structure-ADMET relationships.
This approach significantly contributes to the rational design of novel compounds with
enhanced therapeutic efficacy and reduced toxicity, thereby streamlining the early stages of
drug discovery.
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Perspectives for Future Work:
Building upon these findings, several avenues for future research emerge:

« Expansion of Dataset and ADMET Endpoints: Future studies could involve a
larger and more diverse set of thiazolidinone derivatives, along with the prediction of
a broader range of ADMET endpoints (e.g., BBB penetration, hERG inhibition,
hepatotoxicity) to build more comprehensive predictive models.

* Integration of Advanced ML Algorithms: Exploring more sophisticated
machine learning algorithms, such as deep learning models (e.g., Graph Neural
Networks), could potentially enhance predictive accuracy and uncover more complex
non-linear relationships.

« Experimental Validation: The in silico predictions generated by this model
warrant experimental validation to confirm their accuracy and utility in a laboratory
setting.

* De Novo Design: The insights gained from descriptor importance could be
leveraged in de novo drug design strategies, guiding the synthesis of novel
thiazolidinone derivatives with optimized ADMET profiles.

» Multi-objective Optimization: Developing models capable of simultaneously

optimizing multiple ADMET properties and biological activities would be a
significant step towards designing highly effective and safe drug candidates.

This research lays a solid foundation for the continued application of computational
chemistry and artificial intelligence in the discovery and development of novel
thiazolidinone-based therapeutic agents.
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