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Abstract



Breast cancer is a major cause of death from cancer worldwide, with the estrogen receptor alpha
(ER-a)) being an important therapeutic target for hormone-dependent MCF-7 breast cancer. The
goal of this study was to use an computer-aided drug design (CADD) methodology to assess 22
quinolinol analogues as potential ER-o antagonists. The CADD methodology consisted of
Gaussian field-based three-dimensional quantitative structure-activity relationship (3D-QSAR)
analysis, pharmacophore modeling, a prediction of ADMET properties, molecular docking,
molecular dynamics simulation (MD), and density functional theory (DFT) calculations. 3D-
QSAR model had good predictive ability (R?=0.9516, Q> =0.5989, RMSE = 0.82, and Pearson's
r = 0.845). The results of the pharmacophore analysis showed that the critical features for
anticancer activity are an aromatic ring, hydrophobic, and hydrogen bond acceptor. According to
the ADMET evaluation, compounds 1, 7, 25, and 13 have the highest potential to be developed
into drug-like substances; compound 1 has the best ADMET score of 6.348. The molecular docking
study of the ligands with ER-a (PDB ID: 3ERT) demonstrated that ligands 7, 1 and 25 exhibit
significantly better binding affinities (-11.98, -11.48, and -11.04 kcal/mol, respectively) than 4-
hydroxytamoxifen (-8.26 kcal/mol). The MD simulations showed that ligand 7 formed a
considerably more compact and stable ER-a complex through consistent hydrogen bond
interactions for the duration of the simulation (100 ns). The DFT analyses indicated ligand 7 had
kinetic stability and significantly better electronic properties than the other ligands studied. ligand
7 for the development of breast cancer drugs that target ER-a.

Keywords Estrogen Receptor Alpha (ER-a), Breast Cancer (MCF-7), Quinolinol Derivatives,
Computer-Aided Drug Design (CADD), 3D-QSAR & Pharmacophore Modeling, Molecular
Docking, Molecular Dynamics Simulation



1 Introduction

Computational methods combined with rationally designed drugs provide a new way to manage
the global health care challenge that is hormone sensitive breast cancer. Luminal subtypes of breast
cancers A and B account for roughly 70-75% of all breast cancer diagnosis, based on research
findings [1]. The luminal subtypes have high levels of expression of estrogen receptor alpha (ER-
o) which is a transcription factor that requires binding to the ligand (17-estradiol) to undergo
dimerization within the cytoplasm and move to the nucleus to activate the genomic transcription
of genes responsible for cellular proliferation and angiogenesis [2]. Selective Estrogen Receptor
Modulators (SERMs) such as Tamoxifen and its active metabolite 4-hydroxytamoxifen (4-OHT)
competitory inhibit the binding of ER-a to its ligands (the binding domain of the ligand is called a
ligand binding domain (LBD)) as shownn in Fig. 1 [3]. The long-term effects of SERMs on the
reduction in mortality has become problematic due to the development of hormone resistance,
mainly via genetic mutations in the ESR1 gene or potentially undesirable side effects (e.g.,
endometrial hyperplasia) resulting from the prolonged exposure to ER-o modulators [4,5].
Therefore, an immediate clinical need exists for the development of structurally diverse, novel ER-
o antagonists, with nitrogen containing heterocycles providing a productive area of exploration
since they are commonly used to develop FDA approved ER-a antagonists [6]. Among these,
quinolinol has become an important structure in medicinal chemistry "privileged scaffold". The
ability for the quinolinol structure to orient itself accurately in the hydrophobic region of protein
pockets is made possible by its planar, bicyclic heteroaromatic structure. Quinolinol participates
in important m—n stacking interactions with aromatic groups (e.g., Phe, Tyr, Trp) and makes
hydrogen bonding by its nitrogen and hydroxyl groups, with modifications at the C-3, C-6 and C-
8 positions having considerable promise for increasing binding affinity towards the MCF-7 cell
line [7].

Traditional drug discovery processes are limited because of their high costs and high attrition
rates, but the use of Computer Assisted Drug Design (CADD) offers researchers an accelerated
method for modeling biological and metabolic activities in a more condensed time frame [8]. An
essential component of a ligand-based method of CADD is the use of Three-Dimensional
Quantitative Structure Activity Relationship (3D QSAR) modeling that uses Gaussian Field
Analysis (GFA) and Partial Least Squares (PLS) regression analysis to correlate known biological
activity (pIC50) with 3D scalar fields such as sterics and electrostatics (contour mapping) [9]. The
resulting contour maps provide accurate architectural references for determining optimal
placement of substituents to maximize efficacy. In addition to contour mapping, pharmacophore
modeling provides additional refinement when choosing candidates for high-throughput screening
(HTS) [10]. Using the same principles of physics and computational algorithms, structure-based
methods evaluate the binding thermodynamics of a chosen candidate in the active site using
techniques such as Grid-Based Ligand Docking with Energetics (GLIDE) [10]. In order to assure
a candidate's successful clinical use, in silico ADMET prediction provides researchers with
information to eliminate candidates with potential liabilities, such as hERG channel inhibition and
low oral bioavailability [11]. The 100-nanosecond Molecular Dynamics (MD) simulations using
CHARMM36 Advanced Forcefield Mimicking this information will aid in visualising the
Conformational evolution of protein-ligand interactions within dynamic cellular environments and
will establish the stability and persistence of hydrogen bonds throughout physiological conditions
through the calculation of metrics (RMSD, RMSF) associated with their length and distance from
each other [12]. The study involves a multi-tier analysis of 22 structurally aligned quinolinol
analogue compounds to develop predictive Models for strong antagonism compared to tamoxifen



based on compound-specific substitution patterns. The Integrated use of 3D-QSAR predictive
modelling, XP Molecular Docking of the antagonist against the Active Site of the Estrogen
Receptor (PDB ID 3ERT) and rigorous MD validation through use of the same methods is to give
a sound framework for developing the next generation of anti-breast cancer drugs.
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Fig. 1 Quinolinol-Based Antagonist Against Traditional Hepatic Tamoxifen Metabolites.

2 Materials and methods

2.1 Computer and software information

In this study, the processes for producing proteins, preparing ligands, performing field based 3D -
QSAR, predicting of ADME properties, and modelling of pharmacophores, were all executed
through the use of Maestro 12.8 software produced by Schrédinger LLC., New York (USA).
Preparation of virtual screening databases was achieved using PHASE module, whilst the
methodology of performing virtual screening studies was accomplished using the methodology of
Virtual Screening Workflow (VSW). All molecular modelling and docking studies were performed
on a notebook personal computer containing the following specifications: 12th Generation Intel®
Core™ 15-1240P Processor @ 1.70 GHz, 8 GB RAM Intel® Iris® Xe Graphics, 64 bit Windows
Operating System with x64 Based Architecture. The chemical structures for the ligand library were
drawn using ChemDraw Professional 16.0 software.

2.2 Protein Preparation

Protein prep involves both the conversion of 3D macromolecular structures (e.g., proteins) into an
appropriate format for conducting molecular docking studies (i.e., docking). The completion of
protein preparation is necessary for conducting steps such as bond optimization, adding hydrogen
bonds, correcting bond orders, removing atomic clashes and deleting unwanted water from protein
crystal structures before docking can be performed. The 3D crystal structure for the human
estrogen receptor alpha (ER-a) related to breast cancer was obtained from the protein data bank
(PDB ID: 3ERT) (RCSB PDB). The selected protein exhibited satisfactory crystallographic
parameters; in this case 1.9 A resolution, R value of 0.262 and observed R value (R) of 0.229.
Protein preparation was performed using the Protein Preparation Wizard in Maestro 12.8 software



(Schrodinger LLC, New York, NY, USA). During preparation, steps taken included correcting
bond order/charge, adding hydrogen atoms, optimizing hydrogen bonding networks and deleting
water molecules from the crystal structure. Finally, the final protein structure was minimised and
optimised using the OPLS4 force field to generate an appropriate stable conformation of the
protein structure for use in molecular docking [13].

2.3 Ligand Preparation

The ligand library utilized in 3D-QSAR analysis was created from thirty-two anticancer
compounds with significant anti-cancer activity against the MCF-7 breast cancer cell line sourced
from the PubChem database. The biological activity data were generated from the MTT assay
procedures and ICsos reported in micromolar concentrations (uM). The range of inhibitory activity
reported for the compounds was broad, with ICsos ranging from 2.1 to 45.01 uM. The preparation
of ligands was performed utilizing the LigPrep module of Maestro 12.8 software (Schrodinger
LLC), in conjunction with the Epik tool. For each ligand, a single low-energy conformer was
generated using OPLS4 force field, with subsequent desalting and neutralisation to physiological
pH. The ICsos were included in the dataset and converted to pICso for the purposes of subsequent
QSAR analysis [14].

2.4 Field Based 3D QSAR Modeling

To create three-dimensional quantitative structure-activity relationships (3D-QSARs), a ligand
library with 22 members was utilized to create a dataset that was split into a random training group
(70%) and a random test group (30%) for creating and testing models. For the analysis of structure
activity relationships (SARs), an analysis technique was the Partial Least Squares (PLS) method
to establish the linear correlation among the five Gaussian field descriptors steric, charge
electrostatic, hydrophobic, hydrogen-bond acceptor and hydrogen-bond donor fields. The
generated models were assessed through a number of different statistical parameters: regression
coefficient (R?), cross-validated regression coefficient (Q?), standard deviation (SD), root mean
square error (RMSE), Pearson's r value, and cross-validation coefficient (R*CV). From the
generated models, the best statistical performance was selected to be the optimal QSAR model.
Five different colored contour maps were used to depict the sites that would be favored and
disfavored from a spatial standpoint, based on type(s) of chemical interaction(s) and functional
group replacement(s), for exhibiting an anticancer effect against the MCF-7 breast cancer cell line
[15].

2.5 Pharmacophore Modelling

Pharmacophore modelling was performed using the Phase module integrated in Maestro 12.8
software from Schrodinger LLC. All prepared 22 compounds that showed anticancer activity
against the MCF-7 breast cancer cell line were loaded into the “Develop Pharmacophore
Hypothesis” panel of the PHASE tool. Six pharmacophoric features were associated with the
development of pharmacophore hypotheses: Hydrogen donor (D), Hydrogen acceptor (A),



Aromatic ring (R), Hydrophobic group (H), Positive charge (P), and Negative charge (N).
Generated pharmacophore models were compared and scored based on three categories: survival,
fitness and molecular alignment to the identified pharmacophoric structures. Best pharmacophore
hypothesis was determined by designating compounds with pICso > 6.5 as active and compounds
with pICso < 4.5 as inactive [16].

2.6 ADMET Calculation

The ADMETIab 3.0 web server was used to evaluate the pharmacokinetic and toxicity of the
quinolinol derivatives. The analysis was done in silico via the run of canonical SMILES through
the ADMETIlab 3.0 program conducted for in silico prediction of absorption, distribution
metabolism, excretion, and toxicity (ADMET) profiles. The ADMET profiles are the
physicochemical and pharmacokinetic parameters, specifically with respect to the following:

(i) Molecular Weight

(i) Number of hydrogen bond donors and acceptors

(iii) Lipophilicity (LogP)

(iv) Aqueous Solubility

(v) Human Intestinal Absorption

(vi) Caco-2 Permeability

(vii) Oral Bioavailability

(vii) Blood-Brain Barrier Permeability

(viii) Plasma Protein Binding

(ix) P-glycoprotein interaction

On top of the previous 9 points, analysis of the metabolic properties was also conducted against
inhibition and substrate specificity of cytochrome P450 enzymes, intended to evaluate metabolic
stability. In addition, predicted hepatotoxicity, carcinogenicity, mutagenicity, hERG inhibition, and
acute oral toxicity were also included in the evaluation of toxicity to the compounds tested [17].

2.7 Molecular Docking

Using Maestro 12.8 software (from Schrodinger LLC) for molecular docking of all the virtually
screened compounds, docking energy (in kcal/mol) was estimated, through the Grid-Based Ligand
Docking with Energetics (GLIDE) module, from the protein-ligand binding interaction and also
managed ligand flexibility during the docking process. Study was done using both Standard
Precision (SP) and Extra Precision (XP) docking protocols to screen ligands by obtaining reliable
binding conformations and docking scores. After docking completed, analysis of important
intermolecular interactions such as hydrogen bonds, hydrophobic and n-r stacking in the active
site of the target protein was performed for the screened ligands. In addition, potential molecules
with activity against the MCF-7 breast cancer cell line were determined based upon the interaction
profile, docking score and binding orientation.

2.8 Molecular Dynamic Simulation



We have carried out molecular dynamics (MD) simulations for 100 ns to investigate the protein-
ligand binding interactions and stability of ligand 7 and 4-OHT, the most potent inhibitory
substances. The simulations were performed using GROMACS 2021.6 MD software.
CHARMM36 force field was used to create the topology of the MD system, with TIP3P water
model used to create all of the water in the system. Each of the two systems of protein-ligand
complex was solvated using a cubic box of water, in which there was 1.5 nm away from each of
the four walls. Sufficient amount of counter ions (i.e. Na+ and CI-) have been added to the MD
box of water to create neutrality in the complete MD system.

The prepared systems were subjected to energy minimization using the steepest descent
method to remove steric clashes and unfavorable contacts. Following energy minimization, the
systems were equilibrated in the NVT ensemble for 500 ps at a temperature of 310 K, using a
coupling constant of 0.1 ps with the Nose—Hoover thermostat, and then equilibrated in the NPT
ensemble for 500 ps at a pressure of 1 bar using the Parrinello-Rahman barostat. The equilibrated
systems then underwent a production MD simulation run lasting for 100 nanoseconds (ns) using a
time step of 2 fs. The bond lengths were constrained using the LINCS algorithm. Long-range
electrostatic interactions were treated using the Particle Mesh Ewald (PME) method with a grid
spacing of 0.16 nanometers (nm). A cut-off radius of 1.2 nm was applied for long-range
electrostatic interactions, and a cut-off distance of 1.0 nm was applied for van der Waals
interactions, during the simulation. After completing the MD trajectories of the systems, the MD
trajectories were analyzed with GROMACS analysis tools for the determination of key structural
stability parameters (i.e., RMSD, RMSF, and Rg) in order to evaluate the dynamic stability and
compactness of the protein—ligand complexes [18].

2.9 Density Functional Theory Calculation of Ligand 07 and O-HT

Density functional theory calculations using the Becke 3-parameter, Lee-Yang-Parr (B3LYP)
hybrid exchange-correlation (XC) functional with 6-311G+(d,p) basis set were performed for
ligand 7 and 4-OHT. The only calculations that were to perform full geometry optimizations and
vibrational frequency analyses at the B3LYP/6-311G+(d,p) level of theory on optimized molecular
structures. The vibrational analysis of the optimized structures showed no imaginary frequencies
and therefore validated that the geometry of the molecules correspond to true local minima along
their potential energy surfaces [19]. All of these calculations utilized the default convergence
criteria within the Avogadro-ORCA software package. The distribution of HOMO and LUMO for
Ligand 07 and 4-OHT were visualized using the IBOView program.

3 Results and discussion

3.1 Field based 3d gsar modeling

The anticancer activity of 22 coumarin derivatives was evaluated against the MCF-7 breast cancer
cell line using the Gaussian field-based 3D-QSAR method. This method builds upon the
established models CoMFA and CoMSIA to predict biological activity based on molecular and
steric structure (Fig. 2).



Fig. 2 Aligned 22 compounds of quinolinol derivatives for QSAR modelling.

The 3D-QSAR model for predicting pICso values (the logarithm of the amount required to
inhibit an enzyme or cell line by 50%) used Partial Least Squares (PLS) to analyze the data. After
conducting PLS regression on the dataset, the optimal model at PLS factor 3 yielded the highest
statistical significance with an SD of 0.2699, an R? 0£0.9516, a Q? 0f 0.5989, an R*CV of 0.1933,
an R? scramble score of 0.8107, a stability score of 0.249, an F value of 102.9, a P value of 6.78 x
1078, an RMSE of 0.82, and a Pearson's r of 0.845. In constructing the model, the dependent
variable was defined as the pICso value of each compound, while five Gaussian field descriptors
(steric, electrostatic, hydrophobic, hydrogen bond acceptor, and hydrogen bond donor fields) were
used as independent variables (Table 1).

Table 1. Field-based 3D-QSAR modelling parameters.
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At PLS factor 3, both the R-squared values and the RMSE values were low, indicating a minimal
prediction error and a high degree of robustness of the produced model. The R-squared value was
close to 1, suggesting an excellent correlation between the observed and predicted activities of the
training set in the laboratory, while Q-squared demonstrated an acceptable degree of predictive
ability for the external testing set. The combination of both a low probability value "P" and a high
"F" value demonstrated that the statistical reliability and predictive strength of the QSAR model
that was developed were substantiated. The external validation of the model was supported by the
Pearson's r value of 0.845, which indicates a strong positive linear relationship between the
observed and predicted biological activity for each compound in the testing set.

To further confirm the predictive ability of the selected 3D-QSAR model, scatter plots were
produced representing the predicted verses experimentally determined (in the laboratory) pICso
values for the entire training and testing sets. The scatter plots demonstrated that the majority of
the compounds in both the training and testing sets were clustered closely about the linear
regression line, which confirms the robustness, accuracy, and predictive ability of the Gaussian
field based 3D-QSAR model developed (Fig. 3).

Predicted Activityl vs. Activity

Predicted Activityl vs. Activity

Predicted Activityl

(@) (b)




Fig. 3 Scatter plot of experimental activity vs predicted activity at PLS factor 3 of a Training
set of quinolinol derivatives. b Test set of quinolinol derivatives.

Fig. 4 Contour maps of gaussian of a Steric, b Electrostatic, ¢ Hydrophobic, d H-bond
acceptor and e H-bond donor.

The 3D-QSAR contour maps, based on the Gaussian fields and derived from a set of 22
aligned quinolinol derivatives, revealed several important characteristics that are necessary for
effective anticancer activity against the MCF-7 breast cancer cell line. Fig. 4 contains
representations of the contour maps for the quinolinol derivatives, including a significant amount
of contribution to the total contour maps from steric (36.36%), electrostatic (9.85%), hydrophobic
(21.7%), hydrogen bond acceptor (21.13%), and hydrogen bond donor (10.64%) fields; this
information provides evidence of the location of favourable and unfavourable sites that impact
biological activity. Each of the different colours that appeared on the contour maps indicates the



different physicochemical characteristics required to improve activity against breast cancer cells.
Figs. 4a-e illustrate the contributions from these fields to the total contour maps.

In the 3D-QSAR steric contour map (Fig. 4a), the green colour's corresponding contour regions
indicate that the incorporation of bulky substituents at positions C-3, C-6, and C-8 of the quinolinol
scaffolds are advantageous in terms of anticancer activity; conversely, the yellow contour regions
indicate where bulky substituents are less than optimal for effective anticancer activity. Thus,
introducing bulky aromatic or hydrophobic substituents at C-3, C-6, or C-8 will likely enhance the
anticancer activity of quinolinol scaffolds against the MCF-7 cell line. The electrostatic contour
map (Fig. 4b) showed blue and red contour areas corresponding to positive and negative electronic
substituents (electropositive and electronegative), respectively. The blue areas near the C-4, C-5,
C-6, and C-7 areas indicate that the electron-donating or electropositive groups in these areas will
increase the anticancer activity (directly or additively). In contrast, the red regions along the outer
edges of the C-3, C-6, and C-8 areas indicate that the electron-withdrawing or electronegative
groups in these areas are preferred to provide improved binding interactions with the biological
target related to progression of breast cancer. The hydrophobic contour map (Fig. 4c) showed
favorable hydrophobic regions (yellow) near the C-3, C-6, and C-8 areas (outside of the quinolinol
ring system), indicating that adding hydrophobic substituents to these areas would increase the
MCF-7 inhibition profile. Absence of favorable hydrophobic areas near the C-7 position indicates
that adding hydrophobic substituents to this area may decrease biological potency. The hydrogen
bond acceptor contour map (Fig. 4d) indicated that there were favorable (magenta) regions near
oxygen containing functionalities of quinolinol derivatives, reflecting the need for hydrogen bond
acceptor groups for appropriate binding to the receptor. Favorable acceptor groups near the C-2
and adjacent areas also were shown to be beneficial for increasing anticancer activity. The
topography of the hydrophobic contour (Fig. 4c), portrayed in orange (for hydrophobic) and red
(for hydrophilic) regions, points to how ligand binding would be influenced by hydrophobic or
hydrophilic acceptor groups located around the ligand of interest. Likewise, the contour
distribution of the hydrogen bond donor field (Fig. 4e) revealed that favorable regions (cyan) were
present on the periphery of certain areas of the quinolinol scaffold; hydrogen bond donor groups
within these regions would enhance molecular interactions with the active site residues of the target
protein in MCF-7 breast carcinoma cells. The overall distribution of contour maps communicates
that for the anticancer potential of quinolinol derivatives, there is optimised balance of steric
volume, physical characteristics of the compound, the degree of hydrophobicity, and the capability
for hydrogen bonding.

The use of Gaussian field-based three-dimensional contour analysis has provided an in-depth
understanding of the required molecular modifications necessary to enhance the activity of
quinolinol derivatives against the MCF-7 breast carcinoma cell line; therefore, Gaussian field-
based contour analysis has the potential to serve as the basis for the rational development of novel
breast cancer therapeutics.

3.2 Pharmacophore Modeling



Regarding the pharmacophore modelling investigation, a solid and statistically significant
pharmacophore hypothesis was produced regarding quinolinol derivatives displaying anticancer
activity toward the MCF-7 breast cancer cell line. Using the pharmacophore model produced, the
essential three-dimensional arrangement of chemical features necessary for effective biological
activity and ligand-target interaction were determined (Fig. 5).

As seen in Fig. 5a, the three-dimensional arrangement of the pharmacophoric features is defined.
The pharmacophore hypothesis produced utilised mostly aromatic ring features (R), hydrogen
bond acceptor features (A), and hydrophobic regions (P) around the quinolinol scaffold. The
aromatic ring features (shown as orange ring contours) confirmed the role of aromatic m-electron
interactions stabilising the binding of ligands within the active site of the receptor. The hydrogen
bond acceptor features (shown as pink spheres, with directional vectors) indicated that there are
electron-rich heteroatoms that accept hydrogen bonds and that these types of atoms play a critical
role in increasing anticancer activity against the MCF-7 line. Grey spheres that are shown
overlapping the pharmacophoric points denote the range of permissible spatial tolerance areas that
are needed for proper ligand alignment and receptor interaction. The alignment of reference
compounds displaying the greatest activity against MCF-7 is seen in Fig. 5b compared to the
proposed pharmacophore hypothesis. The “active” quinolinol derivative contained all of the
necessary pharmacophoric features in alignment with the structural arrangement of the compound
relative to its biological activity, thereby demonstrating a strong relationship between the two. The
aromatic components of the reference molecule were well-aligned with the aromatic
pharmacophoric features. The oxygen-containing functional groups of the active quinolinol
derivatives were also found to match the hydrogen-bond acceptor sites on the pharmacophore very
well. These compatible relationships provided assurance of the reproducibility of the artificially
created pharmacophore from this study to search for anticancer agents. The alignment of the 22
active quinolinol derivatives to the pharmacophore model is illustrated in Fig. Sc. Most of the
active quinolinol derivatives were found to significantly overlap or exhibit satisfactory
correspondence with the pharmacophoric features of the pharmacophore hypothesis, thus
supporting that the pharmacophore hypothesis can be used uniformly to identify multiple
structurally diverse active molecules. The similarity in the alignment pattern suggests that both the
presence of aromatic interactions and the presence of hydrogen-bond acceptor functionalities are
important structural characteristics for producing an active compound with inhibitory activity
against the MCF-7 breast cancer cell line. The superimposition of the quinolinol derivative
molecular structures demonstrates that the pharmacophore model produced in this study is a good
predictor of activity and should therefore, if used appropriately, provide a successful means of
virtually screening future compounds and designing new quinolinol based potent anticancer
agents.



Fig. 5 a spatial arrangement of pharmacophoric features. b Alignment of reference
compound of actives. ¢ Alignment 22 compounds of actives.

3.3 ADMET Study

The ADMET assessment of all twenty-two quinolinol derivatives involved examining ten
significant pharmacokinetic and toxicity parameters: molecular weight (MW), lipophilicity
(logP), aqueous solubility (logS), Caco-2 permeability,human intestinal absorption (HIA), oral
bioavailability (F20), blood-brain barrier permeability (BBB), hERG toxicity, DILI toxicity, and
Ames mutagenicity prediction. In addition, each compound was ranked by its overall drug-like
and pharmacokinetic properties based on the total ADMET score obtained from the combined
analysis of the ADMET parameters measured against the MCF-7 breast cancer cell line. The
compound with the best ADMET profile and highest score (6.348), is Compound 1 (most
favorable), followed by Compound 7 (6.213), Compound 25 (5.768), and Compound 13 (5.706).
All four of these compounds demonstrated an adequate combination of favorable physicochemical
properties, excellent solubility, acceptable lipophilicity, maximum oral bioavailability, and lower
risk of toxicity compared to the other quinolinol derivatives. In particular, Compound 1 exhibited
a very favorable logP (2.15), good aqueous solubility (logS = —1.56), low hERG liability (0.080),
and moderate DILI prediction, indicating it has good pharmacokinetic potential with less risk for
toxicity compared to other compounds.



Compound 7 exhibited in vitro (F20 = 0.360) and in vivo (0.809) oral bioavailability and significant
BBB permeation, which suggests greater permeability of membranes and systemic absorption.
Compound 25 had the highest predicted HIA (0.028) in addition to an acceptable toxicity profile,
while Compound 13 had the best oral absorption probability compared to the other 11 molecules
analyzed. In contrast, some compounds with high lipophilicity and poor solubility failed to achieve
a higher ADMET score due to their increased probability of being toxic, as well as their reduced
pharmacokinetic properties. The higher hERG’s, DILI’s and Ames toxicity predictions had an
adverse effect on the overall ranking of several of the derivatives in Table 2.

Overall, the ADMET investigation indicates that Compounds 1, 7, 25 and 13 have the most
promising pharmacokinetic and safety profiles out of the 22 quinolinol derivatives screened and
could represent viable leads for later optimization and clinical development as anti-breast cancer
agents against the MCF-7 cell line.

Table 2 ADMET-Based Ranking and Drug-Likeness Properties of Quinolinol Derivatives.
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3.4 Molecular docking

The molecular docking study was conducted on selected quinolinol derivatives to assess the
binding affinity and interaction profiles within the active binding site of the human estrogen
receptor alpha (ER-alpha) protein (PDB ID: 3ERT) which is a well-characterized therapeutic target
for breast cancer. The results of the docking analysis indicated that each of the screened quinolinol
derivatives had greater binding affinities for the ER-alpha than the standard reference drug
tamoxifen, suggesting that these compounds may have potential as anticancer agents in the MCF7
breast cancer cell line (Refer to Fig 6). Of the quinolinol derivatives screened, ligand 7 had the
greatest docking score of -11.98 kcal/mol, with ligand 1 having a docking score of -11.48 kcal/mol,
ligand 25 having a docking score of -11.04 kcal/mol and ligand 13 having a docking score of -9.46
kcal/mol; these values are all higher than the reference compound 4-hydroxytamoxifen which had
a docking score of -8.26 kcal/mol as shown in Table 3.

Table 3 Molecular Docking Scores and Binding Interactions of Selected Quinolinol Derivatives
Against ER-a (PDB ID: 3ERT).

. Amino  Acid
. Docking  Score ) )
Ligands Residues Interactions
(kcal/mol)
Involved
Leu34e6,
Leu349 .
cuo Hydrogen bonding,
Glu3ss, Hydrophobic
Ligand 7 ~11.98 Gly390, TP
Interactions, -7
Met357, tackin
Leus25s, Sacking
Phe404
Ala350,
Glu353 .
Arg3 9 4’ Hydrogen  bonding,
Li 1 -11.4 ’ H hobi
e 8 Gly399, in?c/:r;ocl‘zio(;bslc
Leu525,
Met357




Leu3de, Hydrogen  bonding,

Glu333, Electrostatic and
Ligand 25 —11.04 Gly390, Hvdronhobi

Arg394, Y CrOPHODIC

Met357 Interactions

Leu349,

Ala350, Hydrophobic
Ligand 13 -9.46 Glu353, interactions,

Gly390, Hydrogen bonding

Leu525

Leu34e6,

Leu349, Hydrogen bonding,

. Ala350, Hydrophobic

4-Hydroxytamoxifen ~8.26 Glu353, interactions, T

Arg394, stacking

Gly390

Based on the analysis of docking energies, the selected ligands exhibited greater strength and
stability of binding to the ER-a active site than did the standard therapeutic agent. All four
quinolinol derivatives occupied the same active pocket as 4-hydroxytamoxifen in the receptor and
interacted with the same amino acid residues important for stabilizing the ligand in the receptor
cavity. Additionally, the hydrophobic interactions, hydrogen bonds, and n—n stacking interactions
of our selected quinolinol derivatives and 4-hydroxytamoxifen occurred with the following
residues: Leu346, Leu349, Ala350, Glu353, Arg394, Gly390, Leu525, Met357, and Phe404. The
presence of these shared residues in both the selected quinolinol derivatives and 4-
hydroxytamoxifen provides strong support for the selected quinolinol derivatives mimicking the
binding orientation of 4-hydroxytamoxifen within the ER-a receptor binding domain. Ligand 7
established highly stable binding interactions based upon hydrogen bonding with key active-site
residues and also established numerous hydrophobic contacts within the receptor cavity, resulting
in a superior docking score. Ligands 1 and 25 also formed significant hydrophobic and hydrogen
bond interactions with the conserved amino acids lining the active pocket. Ligand 13 stabilized its
binding by forming favorable electrostatic and hydrophobic interactions, but its overall docking
affinity was slightly lower than that of the highest-ranked ligands.

The results of the 3D docking studies supported the labeling of the quinolinol derivatives as
tightly packed into the hydrophobic binding site of ER-a with networks of interactions similar to
that of the co-crystallized ligand 4-hydroxytamoxifen. The identical binding orientations and
amino acids profiles suggest that these compounds may inhibit the ER-a signaling pathways



involved in MCF-7 breast cancer cell growth. Based on the docking studies, the quinolinol
derivatives, including Ligands 7, 1, and 25, have a high probability of binding well to ER-a and
will therefore serve as useful lead compounds for further anti-breast cancer drug discovery.
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Fig.6. 2D and 3D visualization of molecular docking interaction analysis of selected quinolinol
derivatives and 4-hydroxytamoxifen within the active site of ER-a (pdb id: 3ert).

3.5 Molecular dynamic simulation

The molecular dynamics (MD) study was conducted over 100 nanoseconds to determine the
dynamic behaviour and structural stability (Fig 7) of ligand 7 (an isomer with two aromatic groups)
with the receptor protein ER-a (PDB: 3ERT). For 4-hydroxytamoxifen (also known as 4-OHT), a
standard drug, the analysis of root mean square deviation (RMSD), radius of gyration (Rg), root
mean square fluctuation (RMSF), and ligand-RMSF profiles were compared, and it was
determined that ligand 7 forms a more stable and compact complex to the receptor protein than 4-
OHT over the duration of the simulation (Fig 7). When observing Fig 7A, the RMSD trajectory of
each of the protein-ligand complexes is overlaid from the 100 nanoseconds of simulation; both
complexes increase slightly during the first 10 nanoseconds (during equilibration), and the
complexation of ligand 7 reached greater stabilization rapidly after approximately 15 nanoseconds,
resulting in an RMSD range of 0.24 to 0.28 nm for the remainder of the 100 nanoseconds of the
simulation, while the complexation of 4-OHT had a relatively higher fluctuation of RMSD
between 20-60 nanoseconds and 70-100 nanoseconds, indicating that 4-OHT has lower structural
stability than ligand 7. When compared to 4-OHT, the average RMSD of ligand 7 was lower and
showed less fluctuation, therefore indicating a stronger stabilization effect of ligand 7 in the active
pocket of the ER-a receptor protein. Figure 7B shows how tightly packed the proteins were
throughout the simulations by plotting their radius of gyration (Rg). The two complexes had fairly
consistent values for Rg (around 2.30-2.34 nm for both), so there was no detectable unfolding of
the receptor proteins. On the other hand, the fluctuations in Rg of the Ligand 7 complex were much
less varied over the entire course of the 100 ns simulation (especially from 20 ns to 80 ns),
indicating that Ligand 7 was more compact and conformationally stable than the 4-OHT complex.



In the RMSF study reported in Fig. 7C, analysis of the amino acids making up the ER-a ligand
binding cavity was conducted over the course of the simulation, with the residues interacting with
Ligand 7 exhibiting the most stable interactions (i.e., low fluctuation values of < 0.20 nm) at the
active site. The few loop regions characterized by fluctuation values of moderate magnitude (80—
100, 250-280 and 450—-500 amino acid residues) in the ER-a protein indicated that these were the
most flexible regions in the ER-a and Ligand 7 complex relative to its flexibility compared to 4-
OHT. The active site residues involved in ligand binding to the ER-a exhibited little fluctuation,
thus confirming the existence of stable intermolecular interactions over the duration and
throughout the simulation. The RMSF plot for the ligand, Fig. 7D, supports the conclusion that
Ligand 7 is more stable than 4-OHT based on the greater fluctuations observed for several of 4-
OHT's terminal atoms compared to the other terminal atoms associated with Ligand 7 during the
simulation period. The 4-OHT demonstrated significant fluctuations beginning after the first 40
atoms of the trajectory, while the majority of the atoms of Ligand 7 remained relatively stable over
the duration of the trajectory. Therefore, Ligand 7 demonstrates a greater degree of rigidity and
stability in the ER-a binding pocket than does the reference drug 4-hydroxytamoxifen, as shown
in the MD simulation study (PDB ID: 3ERT). A lower root-mean-square deviation and root-mean-
square fluctuation together with the stability of the radius of gyration during the 100 ns simulation
period indicates that Ligand 7 had better conformational stability, was more compact, and had
higher binding persistence over this time period. This indicates that Ligand 7 could potentially be
an effective therapeutic candidate against breast cancer when targeting the MCF-7 cell line..
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of ER-a Complexes with Ligand 7 and 4-Hydroxytamoxifen.
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During a 100 ns molecular dynamics simulation of the hydrogen bonding analysis there were

additional confirmations of the binding stability of Ligand 7 versus its referential structure, 4-
hydroxytamoxifen (4-OHT), at the active site of ER-a (PDB ID: 3ERT) (Fig. 7).
Fig. 7E represents a visual interpretation of the number of hydrogen bonds established between
our ligands and receptor protein throughout the entire simulation trajectory. 4-OHT maintained its
number of hydrogen bonds during an approximate period of 100ns; however, Ligand 7 consistently
sustained its number of hydrogen bonds greater than that of Ligand 4-OHT over the entire
simulation period. The Ligand 7 complex maintained, on average, 2—5 stable hydrogen bonds (with
occasional peaks of 6 to 8 in number) during the intervals between 10-25 ns, 40-60 ns, and 70—
100 ns throughout the simulation. While, 4-OHT was primarily established with only 1-3
hydrogen bonds and had a greater number of variable coefficients compared to its average number
of hydrogen bonds. The persistence of greater hydrogen bonding for Ligand 7 indicated a higher
degree of intermolecular interactions and increased stability of the ligand within the ER-a binding
pocket. Fig 7F represents the distribution of hydrogen bond distances established between donor
and acceptor atoms in both complexes. Ligand 7 demonstrated a distinct and consistent peak in the
distribution of hydrogen bond distances around 0.29-0.31 nm, which is within the defined range
for optimal hydrogen bonding distance, demonstrating an increased degree of stable and strong
donor—acceptor interactions throughout the entire simulation. While both 4-OHT and ligand 7 had
similar distances of hydrogen bonding, 4-OHT had a larger distribution and lower peak height
showing that these hydrogen bonds were weaker and not as stable compared to ligand 7. The total
number of hydrogen bonds formed between ligand 7 and the active site residues of ER-a was
greater for ligand 7, indicating that ligand 7 forms stronger and more stable hydrogen bonds with
ER-a compared to those of the therapeutic drug 4-OHT. These data, collectively, support a
significantly higher binding affinity, greater complex stability, and greater inhibitory effect of
ligand 7 against the target protein MCF-7 breast cancer.

3.6 Density Functional Theory



The electronic properties of Ligand 7 and 4-Hydroxytamoxifen were analyzed using Density
Functional Theory (DFT), the results of which are summarized in Table 4. Ligand 7's (shown as
Fig. 8A - C) highest occupied molecular orbital (HOMO) energy was found to be —5.6776 eV and
its lowest unoccupied molecular orbital (LUMO) energy was found to be —1.4657 eV, giving
Ligand 7 a total energy gap of 4.2119 eV. Conversely, 4-Hydroxytamoxifen (shown as Fig. 8D -
F) has a HOMO energy of —4.6571 eV and a LUMO of —1.8019 eV with a total energy gap of only
2.8552 eV. Because of this lower energy gap, 4-Hydroxytamoxifen has a higher degree of chemical
reactivity, lower kinetic stability and provides for a greater degree of electron transfer compared
to Ligand 7. Ligand 7 has a higher number of electrons in its structure, meaning that it possesses
more kinetic stability and a lower degree of chemical softness than 4-Hydroxytamoxifen.

The molecular electrostatic potential (MEP) maps generated from this investigation of the two
compounds indicate that the presence of oxygen-containing functional groups of Ligand 7 and 4-
Hydroxytamoxifen (specifically hydroxyl (-OH), carbonyl (C=0), and ethers) are highly likely to
serve as the electron-rich regions where electrophilic attack occurs and hydrogen bonding occurs,
while the aromatic rings and hydrophobic alkyl chains in the chemical structures of Ligand 7 and
4-Hydroxytamoxifen would promote hydrophobic interactions in the receptor cavity. In
conjunction with the initial analyses of the compounds, additional docking studies confirmed that
Ligand 7 has significantly better docking scores over 4-Hydroxytamoxifen (—11.98 and —8.26
kcal/mol), suggesting that it interacts with the target protein than does 4-Hydroxytamoxifen.
Several amino acid residues within the pocket of the protein form hydrogen bonds, hydrophobic
interactions, and m-n stacking with Ligand 7, including Leu346, Leu349, Glu353, Gly390, Met357,
Leu525, and Phe404. A similar mode of interaction exists between 4-Hydroxytamoxifen and a
number of these same amino acid residues, including Leu346, Leu349, Ala350, Glu353, Arg394,
and Gly390. Therefore, due to the favourable electronic distribution and optimal alignment of the
frontier molecular orbitals, in addition to the multiple functional groups present that can potentially
form such interactions, Ligand 7 demonstrates a greater potential than 4-Hydroxytamoxifen as a
bioactive compound.

Table 4. Calculated DFT Parameters of Ligand 7 and 4-Hydroxytamoxifen

DFT Parameter Ligand 7 4-Hydroxytamoxifen
HOMO Energy (eV) —5.6776 —4.6571
LUMO Energy (eV) —1.4657 —1.8019

Energy Gap, (E_g) (eV) 42119 2.8552



Ionization Potential, (I) (eV) 5.6776 4.6571

Electron Affinity, (A) (eV) 1.4657 1.8019
Chemical Hardness, (eta) (eV) 2.1059 1.4276
Chemical Softness, (S) (eV™") 0.2374 0.3502
Chemical Potential, (mu) (eV) —3.5717 —3.2295

Electronegativity, (chi) (eV) 3.5717 3.2295

Electrophilicity Index, (omega)

(&) 3.0291 3.6518

Stability Higher Moderate
Reactivity Lower Higher
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Fig. 8 A,D Frontier molecular orbital distributions showing the HOMO and LUMO energy levels
of the ligand 7 and 4-OHT respectively along with the calculated energy gaps (AE). B,E Molecular
electrostatic potential (MEP) surfaces of ligand 7 and 4-OHT respectively showing the electron-
rich and electron-deficient regions over the molecular framework. C mulliken charges distribution
over the atoms in ligand 7. F mulliken charges distribution over the atoms in 4-OHT.

4 Development of lead formula

Quinolinol derivatives of the structural determinants and the topographic binding modes of the
quinolinol derivatives in the ER-a ligand-binding region (Fig. 9). The localized structure shows
that the heterocyclic quinolinol core is a very rigid anchor for the compound within the active site
pocket; it forms a strong pi-pi-stacking network with ARG394 at their fused aromatic rings. The
endocyclic N atom of the quinolinol also makes a H-bond with PRO325 that stabilizes the core of
the compounds. Electrostatic complementarities and the binding free energy of the scaffolds were



significantly affected by the systematic peripheral modifications to the quinolinol ring system,

especially at the R1 position (hydroxyl, carbonyl or acyl) and the R2 position (hydroxyl or oxididyl)
as hydrophilic- functionalized groups at these positions created hydrogen bonding networks with

PRO325, LYS449 and ILE386 and thus drove binding affinities for each of the groups. In addition

to peripheral modifications, structural and spatial modifications made at the R3 position by using

very compact methyl or amine substitutions leveraged localized hydrophobic characteristics to

achieve maximum geometric fit and complementarity to those created by the shapes of the

compound inside the ligand-binding domain of the estrogen receptor o and were accomplished

without creating steric hindrance.

R; Substituted methyl and amine
were found to be efficient

for comfortably  occupying
the binding pocket.

This N was responsible for H-bond
interaction with PRO325

Fig. 9 structural requirements Ri, Rz, R3 and crucial amino acid interactions of the quinolinol
moiety for optimal binding affinity at the ER-a active site.

5 Conclusion

In this research, a comprehensive computational pipeline consisting of 3D-QSAR and
pharmacophore modeling, virtual screening, molecular docking, ADMET prediction, molecular
dynamics (MD) simulations, and DFT evaluation was established in the search for effective
quinolinol compounds to target the estrogen receptor alpha (ER-a) for breast cancer treatment in
the MCF-7 cell line. The use of a Gaussian field-3D-QSAR predictive model provided insight into
the steric, electrostatic, and hydrogen-bonding requirements for increased inhibition. The three-
dimensional characterization of these compounds, along with the successful development of a
robust pharmacophore model from the structure-activity relationship (SAR), enabled the use of
these three-dimensional spectroscopic models to perform hierarchical virtual screening of
approximately 400,000 PubChem compounds. The results of molecular docking studies suggest



that the quinolinol compounds exhibiting the top four hits bind significantly more strongly to ER-
a than the standard therapeutic, 4-hydroxytamoxifen, which returned a docking score of (—11.98
kcal/mol) for Ligand 7, with significant preliminary scores for Ligands 1, 25, and 13. Additionally,
results from predictive ADMET and DFT assessments suggest that these top quinolinol candidates
are predicted to exhibit favourable biological and pharmacological properties. Furthermore,
Ligand 7 was shown to produce a highly compact and stable complex with ER-a in the context of
100 ns MD simulation, which was shown to maintain better conformational stability and hydrogen-
bonding persistence than the standard therapeutic. Ligand 7 is a strong candidate for the
development of new therapies to treat breast cancer, and in vitro and in vivo experimental
validations are required.
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