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Abstract

Dysregulation or aberrant activation of the phosphatidylinositol 3-kinase (PI3K)
signaling pathway is commonly observed in various cancers and is associated
with tumor growth, metastasis, and resistance to therapy. Targeting PI3K-a with
appropriate inhibitors can disrupt this pathway, hindering cancer progression, and
potentially enhancing the immune system’s ability to recognize and eliminate cancer
cells. In this study, we aimed to design a novel and potent inhibitor of PI3K-a for cancer
immunotherapy using rational drug design techniques, including virtual screening,
molecular docking, and 3D-QSAR. We obtained the human PI3K-a protein (6PYS)
complexed with (35)-3-benzyl-3-methyl-5-[5-(2-methylpyrimidin-5-yl)pyrazolo[1,5-a]
pyrimidin-3-yl]-1,3-dihydro-2H-indol-2-one (PJ5) from the RCSB Protein Data Bank.
Virtual screening of ligands, integrated with predictive computational molecular
docking and 3D-field-based-QSAR, was implemented using appropriate Schrodinger
Maestro modules. Rational drug design was also carried out, and its clinical relevance
was validated across several ADMET descriptors. Docking results suggested that a
hybrid of sulfonamide and pyridine-based heterocyclic compounds, functionalized
with potent moieties derived from alkaloids, exhibited adequate synergistic
biological effects capable of enhancing sufficient biological activity against PI3K-a.
A field-based 3D-QSAR model was built on four partial least squares factors, and
five statistical metrics were employed to validate the model. The newly designed
ligand from this approach, named 6-amino-5-(2-fluoro-1,3-oxazol-5-yl)-N-{[3-
(hydroxymethyl)oxetan-3-yllmethyl}-3-methyl-[2,3"-bipyridine]-6-sulfonamide or T85,
exhibited a predicted bioactivity (pIC, ) of 8.25. The predicted ADMET properties of
T85 fell reasonably within the range of recommended standards, especially adhering
to Lipinski’s rule of five and Jorgensen’s rule of three. In conclusion, the results of this
study offer significant insights into in silico drug design using a rational approach,
which could expedite the discovery and development of new drug molecules.
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1. Introduction

Human physiology is governed by intricate cellular
metabolisms, which exemplify how cell-specific programs
efficiently regulate overall health and well-being. The body
initiates cascade mechanisms of cellular signaling pathways
to control physiological functions such as cell proliferation,
growth, survival, differentiation, and metabolism." Cells
serve as the building blocks of life; however, genetic
mutations or alterations can lead to anomalies, disrupting
the mitotic and cytokinetic regulatory mechanisms of
the cells. Over time, dysregulation of cellular signaling
progresses to carcinogenic effects, affecting various
enzyme functions, such as phosphoinositide 3-kinase
alpha (PI3K-a), an isoform of the phosphatidylinositol-3-
kinase (PI3K) family of enzymes.

PI3Ks are lipid kinases responsible for phosphorylating
the -OH moiety at the 3’ position of the inositol ring,
generating phosphatidylinositol-3,4,5-triphosphate
(PIP3).>* They play a central role in regulating cell cycle,
apoptosis, DNA repair, cellular senescence, angiogenesis,
cellular metabolism, and motility. Besides, they serve as
intermediate signaling molecules that are well known for
their roles in the PI3K/serine-threonine protein kinase
(AKT)/mammalian target of rapamycin (mTOR) (PI3K/
AKT/mTOR) signaling pathway?*¢ Furthermore, the
PI3K/AKT/mTOR pathway is involved in oncogenesis
and tumorigenesis,>”® which is frequently dysregulated
in human cancers, such as pancreatic cancer,’® breast
cancer,” colorectal, and ovarian cancer.’ At the molecular
level, alterations at numerous nodes are described in
different tumor types, including activating mutations
and/or the amplification of phosphatidylinositol-4,5-
biphosphate 3-kinase catalytic subunit alpha (PIK3CA),
mutation or overexpression of upstream receptor tyrosine
kinases (RTKs), or inactivating mutations or deletions
of phosphatase and tensin homolog (PTEN) from
chromosome 10.*”

In the recent decade, several studies have described
the role of the PI3K pathway,>>*!° which is a complex
cascade of signal transduction that regulates proliferation,
growth, differentiation, protein synthesis, glucose
metabolism, migration, apoptosis, and other intracellular
metabolisms activated in diverse types of cancer.’’ In
humans, PI3K exists in three classes — Classes I, II, and
II,>* and is enzymes with a molecular weight of about
200 - 300 kDa.* Class I of the PI3K subfamily is primarily
linked to oncogenesis.*!*'** The PI3K is a heterodimer
comprised both the catalytic and regulatory subunits.
The phosphorylation of the regulatory subunit leads to
the activation of p110, the catalytic subunit of PI3K. The
genes PIK3CA, PIK3CB, PIK3CG, and PIK3CD encode

the four isotypes of p110: alpha, beta, gamma, and delta,
respectively.'* These pl10 isotypes activate downstream
signaling pathways, including binding corresponding
ligands to tyrosine kinase receptors (RKTs).” However, the
pl10-alpha isotype is involved in insulin-like signaling,
pl10-beta plays a role in platelet-derived aggregation,
thrombosis, and insulin signaling, while p110-gamma and
p110-deltaisotypes are expressed in lymphocyte activation,
mast cell degranulation, and chemotaxis.”” Furthermore,
the catalytic p110 subunit forms a complex with one of
the three p85-related regulatory subunits: p85-alpha, p85-
beta, and p55-gamma,' encoded by the genes PIK3RI,
PIK3R2, and PIK3R3, respectively."*'*'” Activation of the
p85 regulatory subunit occurs through the stimulation
of the receptor tyrosine kinase, where it binds to
phosphotyrosine residues in the receptor tyrosine kinase.
Such a process unleashes the p110 catalytic subunit from
inhibition of the p85 regulatory subunit.’ Progressively,
PI3K localizes to the cellular membrane, where the p110
subunit converts phosphatidylinositol 4,5-biphosphate
(PIP2) into PIP3, a lipid secondary messenger, which then
activates the downstream effector protein kinase B (also
known as AKT), promoting its translocation to the inner
membrane of cells, where it is phosphorylated and activated
by phosphoinositide-dependent protein kinase (PDK)-1,
PDK?2, and mTor-rictor.>® AKT, a serine/threonine kinase,
together with mammalian target of rapamycin complex 1
(mTORCI1), further modulates the activities of downstream
biomacromolecules, such as B-cell lymphoma-2 (BCL-2),
BCL-2 antagonist of cell death (BAD), forkhead box O
(FOXO), p53, p27, transcription factor, tuberous sclerosis
complex 2 (TSC2), glycogen synthase kinase-38 (GSK3p),
insulin-like growth factors, cyclin D1, C-MYC (cellular
myelocytomatosis) oncogene, nuclear factor kappa B (NF-
KB), caspase-3 and caspase-9, and murine double minute 2
(MDM2) (Figure 1).>* These biomacromolecules regulate
protein synthesis, cell survival, cell cycle progression,
cellular growth, proliferation, motility transformation,
DNA repair, glucose metabolism, and drug resistance.*'®!

PI3K classes II and III also play significant roles in cell-
specific functions and metabolism. There are three isoforms
of PI3K class II, including PI3KC2-alpha, PI3KC2-beta,
and PI3KC2-gamma.>* These isoforms of PI3K class II are
monomers with a high molecular weight.'** Moreover,
class II monomers have no regulatory subunits>® but
possess individual catalytic moieties that interact directly
with phosphorylated adapter proteins.'®* In contrast
to PI3KC2-beta, PI3KC2-alpha appears to be involved
in cell migration and neuronal cell survival, as well as
clathrin-mediated vesicle trafficking, insulin signaling,
neurosecretory granular exocytosis, and smooth muscle
contraction.”® On the other hand, the role of PI3KC2 is
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Figure 1. PI3K/AKT/mTOR signaling pathway in human cancer. Exposure of cells to DNA damage reduces intracellular proportions of MDM2, which
enables p53 accumulation and stabilization, leading to the initiation of DNA repair pathways.®

Abbreviations: BAX: BCL-2-associated X protein; BIM: BCL-2-interacting mediator of cell death; INPP4B: Inositol polyphosphate-4-phosphatase type II
B; MDRI: Multidrug resistance protein 1; Mytl: Mytl kinase; S6K: Ribosomal protein S6 kinase; Wee 1: Wee 1 kinase; XIAP: X-linked inhibitor of
apoptosis protein; 4EBP1: Eukaryotic translation initiation factor 4E-binding protein 1.

not established. The PI3KC3 gene produces the class III
PI3K, also known as vacuolar protein sorting 34, which
is a potential serine/threonine protein tyrosine kinase
regulatory subunit. Vacuolar protein sorting 34 is also
linked to mT'OR signaling and plays a part in the vesicular
transport of membrane proteins to the lysosome.”
Furthermore, the PI3K/AKT/mTOR pathway plays a
critical role in the pathogenesis and provides survival
advantages in hematologic malignancies such as leukemia,
lymphoma, and myeloma.’

PI3K-a is a member of the Class 1A PI3K family of
enzymes and is activated by various upstream signaling
biomacromolecules, such as growth factor receptors,
which phosphorylate phosphatidylinositols in the cell
membrane. It is linked to several tumorigeneses through
amplification, overexpression, and mutation of the
PIK3CA gene,” following the PI3K/AKT/mTOR pathway.
In addition, PI3K-a specifically consists of heterodimers of
a p110-a catalytic subunit and a p85 regulatory subunit.”
The PI3K-a isoform transmits various extracellular stimuli
through signaling pathways that regulate numerous
cellular processes, including cell proliferation, motility, cell
death, and cell invasion, thereby playing a crucial role in
the physiology of cells.”*

Recently, it has been demonstrated that selective
inactivation of the PI3K-a isoform, which is the most

frequently up-regulated isoform of PI3K in human cancer,
effectively blocks PI3K/AKT/mTOR signaling in response
to diverse growth stimuli.” Consequently, PI3K-a has
emerged as a key target that is primarily affected by cancer
mutations, gene rearrangement, and gene amplification,
making it an attractive focus for drug development.?*
Ongoing efforts aim to exploit and develop novel selective
inhibitors for PI3K-a as a promising drug target for anti-
inflammation and anti-cancer therapy. Moreover, several
kinase inhibitors for PI3K-a have been discovered and
synthesized to regulate the proliferation of cancer cells.
These small-molecule drugs exhibit unique potency.
Notable examples include buparlisib (BKM120), pilaralisib
(XL147), pictilisib (GDC-0941),” alpelisib (BYL719),
umbralisib,”® and taselisib (GCD-0032),*** serving as
PI3K isoform inhibitors utilized in the treatment of
pancreatic cancer,” breast cancer,>* or ovarian cancer.®
Despite their development, most inhibitors encountered
challenges in clinical trials, displaying poor eflicacies
due to nanotherapeutic-associated toxicity resulting
from on-target and off-target effects.?* To maximize
effectiveness and minimize negative side effects, medicinal
chemists focus on identifying isoform-selective PI3K-a
inhibitors.?! This discovery of isoform-selective PI3K-a
inhibitors remains a priority to engineer therapeutic
drugs with enhanced efficacy and reduced side effects®
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through various scientific approaches. Furthermore,
various essential metabolic pathways and key factors serve
as a pool of associated therapeutic targets for anticancer
therapy development.®

The drug discovery process is known for its time-
consuming nature and high costs.?® However, advancements
in molecular biology, genomics, and computational
technologies have accelerated the understanding of cancer
development, leading to the discovery of novel biomarkers,
targeted  therapies, and immunotherapies. These
advancements have significantly improved cancer diagnosis
and treatment outcomes. Three-dimensional quantitative
structure-activity relationship (3D-QSAR) in combination
with molecular dynamics simulations is a hybrid in silico
approach for the design and synthesis of drugs and is
instrumental in identifying new compounds with superior
activity.’** The combination of 3D-QSAR and molecular
docking approaches continues to demonstrate how i silico
pharmacological systems can work together to produce
novel therapeutics using structural data. The hybrid offers
a more comprehensive insight into the structure-activity
relationship of a compound (ligand)* and its interaction
with the target protein. This understanding enables drug
designers to modify the compound’s structure to enhance its
activity, selectivity, and binding affinity, ultimately leading to
a rational design of more potent and effective drugs.

In the present study, the drug discovery process using
PI3K-a inhibitors involved ligand preparation based on
predefined descriptors by assessing the drug-like properties
of the ligands and assessing their binding affinity to the
target through molecular docking. In addition, the study
considered pharmacophore screening with the least energy
core to prioritize the binding of ligands to the active site
of PI3K-a, predicting the most energetically favorable
conformations and estimating the binding affinities.
Moreover, the study included the prediction of absorption,
distribution, metabolism, excretion, and toxicity (ADMET)
profiles. These approaches aided in the rational design and
optimization of PI3K-a inhibitors, contributing to the
development of potential therapeutic agents for cancer and
other diseases.

Current preclinical and clinical evidence suggests
that inhibitors targeting the PI3K/AKT/mTOR pathway
are utilized in combination with other anticancer
therapies to combat resistance in cancer cells. Multiple
ongoing clinical studies are investigating this approach.
However, most targeted anticancer therapies, as well as
cytotoxic and radiation therapies, are complicated by
secondary resistance in cancer cells. Resistance is an
intricate phenomenon involving numerous mechanisms,
comprising the activation of signaling pathways such as

PI3K/AKT/mTOR.®* Drug discovery and development
represent a lengthy and costly process, relying heavily
on in vitro assays, animal models, and clinical trials for
reliable testing of drug molecules. Hence, our objective is
to contribute to the discovery of a novel PI3K-a inhibitory
compound through a rational drug design approach with
potential immunomodulatory, immunobiological, and
clinical implications. We aim to explore a series of clinically
approved selective PI3K-o inhibitors with excellent
pharmacokinetic properties obtained from the public web-
accessible molecular recognition database, BindingDB
(http://www.bindingdb.org).’** Rational drug design holds
the potential to discover novel drugs or drug combinations
and repurpose existing drugs for new indications. This
work seeks to introduce innovative methods for discovering
potential drug molecules through molecular docking and
3D-QSAR methods, coupled with robust rational drug
design techniques focused on selected PI3K-a inhibitors.

2. Methods
2.1. Dataset

The dataset, comprised ligands, was retrieved from
BindingDB. These cogeneric ligands were represented in
three-dimensional (3D) coordinate structures, all sharing
common orientation codes. Initially, this exploratory
dataset contained 3994 rows of different inhibitory
molecules and 56 columns, providing information on the
inhibitory molecules targeting the phosphatidylinositol-3
kinase regulatory subunit alpha in Homo sapiens (human).
Furthermore, the dataset contained some important
column attributes, such as the half-maximal inhibition
concentration (IC,), BindingDB ligand name, UniProt
(SwissProt) primary and secondary IDs of the target chain,
molecule ID, and ROMol information. The UniProt serves
as a focal point for collecting functional information
on proteins with precise, dependable, and extensive
annotations.” It integrates biologically significant data
obtained from selected resources and the manual curation
of protein features, such as functional domains and
active sites, amino acid variations, ligand binding sites,
and post-translational modifications (PTMs). UniProt
records provide mechanistic insights into disease-drug
relationships.* On the other hand, ROMol (the Read-Only
molecule) is a representation of a molecule or a chemical
structure that is strictly read-only. It is an object within
RDKit, an open-source cheminformatics library written
in C++ with Python bindings, enabling operations with
chemical structures and data.

2.2. Data preprocessing

Data preprocessing is a crucial step in preparing and
transforming datasets to improve raw data quality,
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considering the inherent complexity and imperfections in
data preparation operations.’”* It serves as a basis for valid
data analysis.”” Preprocessing includes various techniques
such as cleaning, integration, transformation, imputation
of missing values, and reduction.’>

In this study, lists of PI3K-a inhibitory molecules
were obtained from the binding databank, resulting in
a dataset comprising 3994 inhibitory molecules in 3D
geometry. Furthermore, the dataset included columns
containing IC,  values of the molecules, molecule IDs,
ligand names, ROMol object information of ligands, etc.
The IC_ values column contained affinity information,
indicating the potency of each molecule against the PI3K-a
target. The dataset was in SDF (structure-data file) format,
and data preprocessing was performed using the Python
programming language.

The IC, | values of compounds, expressed in nanomolar
(nM) unitsand ranging from 0.07 - 7200 nM, helped capture
a broader chemical space, enhancing the identification of
novel ligands. In addition, the IC_  column was also used
as a reference column, in which duplicate rows sharing the
same IC, were dropped. The governing code syntax was
specific to maintaining the first entries, as it was assumed
that two or more ligands with the same IC, value exhibited
similar potency or affinity, pharmacological effects, and
functional activities toward the target protein or receptor.
Dropping duplicate entries of IC, values offered a normal
distribution of values that made the dataset more amenable
to statistical analysis. However, docking ligands of similar
half-maximal inhibitory concentrations may not provide
significant additional insight. Later, the IC, values were
converted to pIC_ values to enable dataset standardization
and consistency.

TheIC, values depicted in multiple units can complicate
the analysis of results across different concentrations.
Hence, it was necessary to convert the IC, values in the
dataset to pIC_ values. Data presentation in pIC, values,
which represent the values as the negative logarithm of
the molar concentration of the IC,, values, is considered
a better approach. This method enhances data clarity,
minimizes potential errors in data representation, and
improves reproducibility with standardization, linearity,
normal distribution, and precision as additional attributes.
Relevant columns were selected and preserved for further
analysis. The data preprocessing stage functions as a
preliminary filtering technique to minimize the compound
selection size before executing virtual screening campaigns.

2.3. Protein complex refinement

The PI3K-a protein structure was obtained from the
RCSB Protein Data Bank (rcsb.org). The architecture of

the human PI3K-a protein, encoded as 6PYS, is a protein
complex composed of a ligand and several water molecules.
The structure of 6PYS, obtained through X-ray diffraction,
exhibits a resolution of 2.19A, with associated R-values of
free, work, and observed, numerically presented as 0.259,
0.2243, and 0.225, respectively. The composition of 6PYS
includes a total structural weight of 110.61 kDa, an atom
count of 7558, modeled residue counts of 890, deposited
residue counts of 945, and one unique protein chain A.
Furthermore, no mutations were associated with the 6PYS
polymer sequence that was engineered from the reference
sequence.

The protein preparation involved isolating the ligand
from the 6PYS protein-ligand complex, followed by
protein content modification using the protein preparation
and refinement wizard embedded in Schrédinger Maestro
(Schrodinger Release 2020-3: Maestro, Schrodinger,
LLC, United States, 2023). The Maestro software is an
intuitive molecular modeling environment for various
scientific discoveries based on material science, as well
as an integrated predictive computational modeling and
machine-learning platform for small-molecule drug
development. During refinement, simulation settings were
configured for a pH of 7.0, which allowed small molecules
(HETS) to detect ligands, metals, and ions. In addition,
the refinement process incorporated various measures,
such as the assignment of bond orders the employment
of a chemical component dictionary (CCD) database to
help identify and characterize the ligand present in the
protein structure in connection with its binding modes
and their potential functional or therapeutic roles;
inclusion of missing hydrogens in the protein; the addition
of terminal oxygens to the protein; the conversion of
selenomethionines to methionines; the filling of missing
loops; cap termini; the deletion of water molecules beyond
HETs of 0 A; and the generation of HET state within 7.0 +
2.0 pH value. The Kabat antibody annotation scheme was
employed to facilitate the design and analysis of antibody-
based therapeutics by comparing the protein sequences
and structures of antibodies. Furthermore, to mimic the
natural environment of the protein and prevent unwanted
interactions or structural distortions that may arise from
exposed termini, the termini of the protein were capped
with small fragments of peptides.

Hydrogen bond assignment was carried out in the
refinement stage to assign hydrogen bonds to the right
geometry. The optimization of the hydrogen bond
assignment scheme was carried out using PROPKA, a
molecular dynamics program in Maestro that facilitated
a quantitative analysis of the protein pKa values of
ionizable groups. More specifically, PROPKA was utilized
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in identifying the interactions of ionizable residues in the
protein together with their structural determinants along
with significantly perturbed pKa values that contributed
to the stability of the protein. The last step of protein
refinement was energy minimization and the deletion of
water molecules around the ligand. In this step, the root
mean square deviation (RMSD) for heavy atom coverage
was set to 0.30 A. This was carried out while pushing the
minimization using the OPLS3 (optimized potentials for
liquid simulations-3) force field and concurrently deleting
water molecules within 3 A from the ligand (HETs).
The primary objective of protein minimization was to
remove steric clashes,” reorganize structural features
such as bond angles, bond lengths, and torsional angles,
and remove strained conformations arising from crystal
packing artifacts, experimental errors, or inaccuracies in
computational modeling.*

2.4. Binding site/pocket identification

With a large amount of protein data available in the
UniProt database, only a fraction of it is functionally
annotated.” Consequently, understanding the biological or
biochemical role of protein with an interacting partner in
a binding relationship remains a fundamental challenge in
the fields of medicinal chemistry, genomic bioinformatics,
and pharmacology. This underscores the importance of
automated sequencing tools. Protein function is closely
correlated with the small molecules that attach to them.
These small molecules may function as substrates or
products of an enzyme reaction, cofactors that are crucial
for catalysis,***? or they may provide crucial structural or
regulatory functions.” Hence, protein-ligand interaction in
the context of binding sites is critical for drug discovery,*
and understanding responses to drugs.*

Binding site identification was conducted following a
predictive approach using the SiteMap wizard in Maestro.
To conduct binding site prediction, the ligand in the 6PYS
protein-ligand complex was masked. To find, visualize, and
evaluate protein binding sites, the identification of top-
ranked potential receptor binding sites was prioritized.
This necessitated the search of at least 15 site points per
reported site, from which up to five site-point groupings
were to be reported. The strategy for identifying binding
pockets involved employing a more restrictive definition
of hydrophobicity and having a standard grid and crop
site maps at 4 A from the nearest site point. Furthermore,
the binding site attributes such as druggable sites, docking
space (site score), and desirable ligand size,* as well as
other parameters including pocket volume, exposure
score, contact score, and hydrophobic interaction score,
were computed using the SiteMap algorithm. Furthermore,
the respective values of these binding site attributes were

evaluated to determine the optimal site for binding.
The mathematical correlations depicted in Equations I
and II were used by Maestro to compute the druggability
and site scores, respectively. These procedures culminated
in detecting deep binding sites/pockets for potential
receptors, specific to a protein-ligand complex.

Druggability (D) score = 0.094Vn + 0.606 — 0.34e D
Site score = 0.0733Vn + 0.66885 — 0.20w (II)

Where, n is the number of site points (capped at 100); 0
is the enclosure score; and o is the hydrophilic score.

2.5. Ligand refinement

The idea behind ligand refinement is to transform two-
dimensional (2D) or three-dimensional (3D) structures
into corresponding low-energy 3D structures in the
structure-data file (.sdf) format, with the option to expand
each input structure by creating variations on ionization
state, tautomers, stereochemistry, and ring confirmations,
thereby generating broad chemical and structural diversity
from a single input structure. In this study, the LigPrep
package in Schrodinger Maestro (Schrodinger Release
2020-3: LigPrep, Schrodinger, LLC, United States, 2023)
was employed to prepare the ligands.

The 6PYS is a co-crystallized protein with a ligand,
P5] (Figure 2). The ligand P5] was isolated from the
protein complex and refined using LigPrep in Maestro.
The ligand states were generated at pH 7 + 2.0 using
the Hamette and Taft methodology encoded in the

C34

Cc24

c23

Figure 2. 2D representation of ligand P5] in 6PYS human protein complex.
P5] refers to (3S)-3-benzyl-3-methyl-5-[5-(2-methyl pyrimidine-5-yl)
pyrazolo[1,5-a]pyrimidin-3-yl]-1,3-dihydro-2H-indol-2-one; ~ chemical
structural formula: C,_H, N O; molecular weight: 446.503 g/mol.

277722
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Epik wizard of Maestro to improve virtual screening
enrichment. Moreover, the ligand was desalted to remove
extra molecules, such as water molecules and counter-
ions, present in the ligand file from certain structure
databases. To define the stereoisomers, the computation
was restrained to determine chirality from the 3D
structure of P5] to account for keto-enol tautomerization,
analogous sulfur and nitrogen tautomerizations, as well
as histidine- and DNA-base tautomerizations. However,
the generation of tautomeric forms of P5] was avoided to
prevent tautomeric duplicates while maintaining accuracy,
computational efficiency, quality experimental validation,
reliable structure-activity relationship, consistency, and
simplifying analysis. Similarly, refined PI3K-a ligand
molecules obtained from the binding database (bindingdb.
org) were refined for docking using a similar 6PYS protein-
ligand complex LigPrep approach.

The LigPrep settings for refining the inhibitory
molecules excluded tautomer generation. However,
stereoisomer computation was carried out to determine
chirality based on the 3D structure with the objective of
having the internally produced stereoisomers filtered to
remove any structures, fused ring systems, or chirality
that were incompatible with that of natural products to
generate the desired enantiomers. Ligand alignment was
performed on all refined inhibitory molecules, including
the P5] cocrystallized ligand. This option aligned structures
with similar orientations, facilitating the identification of
the ligand pose that maximizes beneficial interactions,
such as hydrogen bonding, hydrophilic interactions, and
electrostatic interactions, while minimizing detrimental
interactions or clashes.

2.6. Ligand virtual screening-molecular docking

A structure-based, in silico virtual screening approach using
Schrédinger Maestro was applied to predict the interaction,
favorable binding orientations, and conformation of the
refined ligands within the active site of the target PI3K-a
protein. Essentially, for a molecule to tightly bind to a
receptor, both geometric (shape) and electrostatic (charge)
complementarities must exist.”** These complimentary
aspects define the molecular dynamics of the ligand-receptor
relationship by incorporating interaction maximization
while minimizing the total energy of the complex.

Typically, most in silico docking programs are built to
predict binding mode and binding affinity between protein
and ligand using a hybrid search algorithm and scoring
function. While the search algorithm robustly generates
multiple poses for aligand in the binding site of the receptor,
the scoring function ranks or orders the conformations to
distinguish the experimental binding pose from the rest of

the predicted poses. However, in Schrédinger Maestro, the
binding affinity was calculated as (Equation III):

Binding affinity =3, ., + 9, + 9, + 95, + 8 +8,, . (1)

where §, . is the energy contribution associated with
lipophilic pair concerning total Van der Waals force of
interaction, §, is the energy contribution associated with
electrostatic interactions, &, is the energy contribution
associated with hydrogen bond interaction, 9, is the
energy contribution associated with site map interactions,
& _is the energy contribution associated with pi-cation
interaction,and §,,,  isthe energy contribution associated

with halogen bond interactions.

In this study, a receptor grid was initially generated
around the region occupied by P5] in the 6PYS protein,
aiming to map the properties of the binding site onto a grid.
Next, the refined ligands were docked into the minimized
6PYS protein through Schrddinger’s Virtual Screening
Workflow panel, with customized settings that automated a
virtual screening-molecular docking workflow. The virtual
screening workflow was automated to screen the ligands
through successive stages, starting from high-throughput
virtual screening mode (HTVS) to standard precision
(SP) mode, and lastly, through extra-precision (XP) mode.
The submission ratio of screened ligands at each stage
was set to 70%, 60%, and 8%, respectively, as depicted in
Figure 3. A trade-off between the speed and accuracy of
the virtual screening served as the basis for selecting this
ratio. By filtering out a large fraction of compounds in the
early stages, the workflow could save time and resources,
considering that docking and post-processing are
computationally intensive and time-consuming compared
to ligand preparation. However, by retaining a sufficient

Refined ligands

Virtually screened docked ligands

Figure 3. Schematics of submission ratio for virtual screening workflow
for docking in Glide.

Abbreviations: HTVS: High-throughput virtual screening; SP: Standard
precision; XP: Extra-precision.
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fraction of compounds in the later stages, the workflow
could ensure that the final hits are diverse, relevant, and
reliable, as docking and post-processing are more accurate
and informative than ligand preparation. Therefore, this
ratio was chosen as a default value that balances the speed
and accuracy of the virtual screening workflow. In addition,
the virtual screening workflow aided in the computation of
performance scores, including Glide, docking, interaction,
and penalty scores, as well as similarity scores, to validate
the refined ligands. Furthermore, during virtual screening,
interaction scores for residues within 12 A of the grid
center were considered.

2.7. Implementation of 3D-QSAR

The computational modeling technique employed in this
study was field-based 3D-QSAR to analyze and predict
the relationship between the 3D structure of the refined
ligands based on their alignment, similarity to a known
pharmacophore, and biological activity. The pIC,  values
served as a measure of the potency or biological activity of
the ligands.

The pIC, values of the refined ligands ranged from 4.866
t0 9.398. In Schrédinger Maestro, structural alignment was
deployed to identify similar ligand structures, focusing
on identifying the core for each structure to align the
molecules effectively. The field-based model was built on
the Gaussian field domain that utilized a training set of 70%
of the total input of refined ligands and a random seed set
to 0, with a maximum of four partial least square factors.
Both the steric and the electrostatic force fields were set
truncated at 30.0 kcal/mol, and the cross-validation was
performed by leaving out just one ligand.

Statistical analysis methods, such as comparative
molecular field analysis (CoMFA) or comparative
molecular similarity indices analysis (CoMSIA), as well
as partial least squares (PLS), were applied to correlate
the calculated descriptors with the activity values of the
ligands in the training set. The generated correlation was
utilized to predict the activity of new compounds based
on their 3D structures. In addition, five Gaussian field
fractions, including steric, electrostatic, hydrophobic,
hydrogen bond acceptor, and hydrogen bond donor, were
evaluated to provide insight into the field interactions of
the ligands within the binding pocket of the receptor. An
optimal number of PLS factors that can balance the trade-
off between data fitting and model prediction was chosen.

2.8. Rational design of a new ligand

The rational design of a new ligand in this study involved
a robust approach to iteratively modifying the skeletal
structure of a lead compound, considered the reference

ligand. The reference ligand was obtained after virtual
screening-molecular docking, and the interactive pose
prediction (IPP) panel offered in Schrodinger Maestro
was employed for a new ligand design. The IPP operated
under the maximum common substructure (MCS)
constrained docking type, which simultaneously docked
the compounds into the binding site of proteins using a
grid-based approach. The GlideScore value and predicted
biological activity from the 3D-QSAR model were the
metrics employed for performance verification between
the newly designed compound and the reference lead
compound. Furthermore, the interaction pattern of the
designed ligand within the protein was also studied. In
addition, the ADMET-related indices of the new ligand
were assessed using the QikProp program in Schrédinger
Maestro at normal mode to evaluate its pharmacokinetics,
efficacy, and safety profiles. All ADMET-related indices
for the new compounds were evaluated using a total of 50
descriptors with a #star parameter as an indicator of several
property descriptors computed by QikProp that violate a
given optimum range of values for 95% of known drugs.

3. Results and discussion
3.1. Data preprocessing

Several ligands obtained from the database were dropped
during the data preprocessing step due to missing column
information, inconsistencies, and ambiguities in the data
structure. This step resulted in reducing the initial dataset
size from 3994 rows of ligands to 2972 rows and 48 columns,
ensuringa clean dataset for analysis. In addition, the computed
pIC,, values (activity) for each ligand ranged from 4.54 to
10.15 throughout the dataset. Using pIC_ as a measure of
activity guarantees that the potency of different compounds
can be precisely compared, facilitating the evaluation of their
efficacy and the selection of the most promising candidates
for further research or drug development.

3.2. Protein complex refinement

In mechanistic studies involving drug design, molecular
docking, and prediction of protein functions, refining and
minimizing protein structures play a significant role in
improving their utility in pharmaceutical applications.*
In Figure 4A, the 6PYS protein structure representing the
human PI3K-a protein complex possesses inherent local
and global errors, including irregular contacts or hydrogen
bonds, chain breaks and atomic clashes, and unusual bond
angles and lengths.” However, refining a protein obtained
from a database before docking improves the accuracy and
reliability of docking results.

Figure 4B illustrates the schematics of the refined
6PYS protein complex with the necessary side-chain
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Figure 4. The human PI3K-a protein complex (Protein Data Bank ID.:
6PYS) with its cocrystallized ligand, (3S)-3-benzyl-3-methyl-5-[5-(2-
methylpyrimidin-5-yl)pyrazolo[1,5-a]pyrimidin-3-yl]-1,3-dihydro-2H-
indol-2-one (P5]). (A) Cartoon representation of the raw form; and (B)
minimized-refined form. Red dots in (A) represent water molecules.

conformations, addressed chain breaks, added missing
atoms or residues, assigned bond orders, converted
selenomethionines, and deleted far-water molecules.
In addition, refinement of the cocrystallize ligand
enables the optimization of its positional and thermal
parameters, resulting in a more precise representation
of its interactions within the active site of the receptor
molecule. This optimization accounted for the spatial
arrangement of atoms, bond lengths, bond angles, and
torsional angles of the ligand. Moreover, ligand refinement
allows for the assessment of ligand-receptor interactions,
such as hydrogen bonding, Van der Waals contacts, and
electrostatic interactions. Precise refinement of these
interactions provides insights into the binding affinity,
specificity, and structural basis of ligand recognition.
Furthermore, ligand refinement evaluates the underlying
principles of binding affinity, specificity, and structural
basis of the ligand concerning optimized ligand refinement
parameters, including the assignment of proper bond
orders, generation of accessible tautomers and ionization
states, and prior virtual screening.”

3.3. Protein-ligand binding pocket identification

The binding pockets/sites of several therapeutic targets are
significantly impacted by protein dynamics.”’ Moreover,
the structural information of the protein-ligand complex
can accelerate the optimization process of potential lead
compounds and help solve problems related to compound
selectivity, pharmacokinetics, and patentability.”> To ensure
specificity and further relay information between active
and allosteric sites, protein-ligand binding is enhanced by
physical interactions between the binding site residues of
the protein and the ligand.”

Identifying binding sites that predict the concavity
where the core scaffold can bind with the protein is essential
for rational drug design. Binding pocket identification for
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Figure 5. A visual representation of potential 6PYS (human PI3K-a
protein complex) binding site (SiteMap 1).
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Figure 6. A visual representation of potential 6PYS (human PI3K-a
protein complex) binding site (SiteMap 2).

6PYS protein and P5]J ligand is depicted in Figures 5-9.
In each figure, the binding site constituted some ligand
hydrogen bond donor and acceptor regions, along with
sites where hydrophobic interactions could occur. These
specific properties of the protein significantly influence
ligand binding and interaction.

The binding site score is a metric used to assess the
likelihood or potency of an interaction between a small-
molecule ligand and a protein at a specific binding site.
It quantifies the propensity of the ligand to bind to the
local site of the protein, facilitating firm ligand binding
and the formation of a stable complex.” The score is
usually presented as a numerical value and can be used
to rank or prioritize ligands based on their potential
binding affinity to the protein. It is computed based
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Figure 7. A visual representation of potential 6PYS (human PI3K-a
protein complex) binding site (SiteMap 3).
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Figure 8. A visual representation of potential 6PYS (human PI3K-a
protein complex) binding site (SiteMap 4).

on factors such as the exposure of the site to solvent,
the degree of enclosure by the protein, and the degree
of hydrophilicity/hydrophobicity. A higher binding
site score indicates a stronger predicted interaction,
suggesting a higher likelihood of optimized binding and
potential biological activity. Conversely, a lower score
indicates a weaker predicted interaction. A site score
above 1 indicates a highly druggable protein pocket, while
a score of 0.8 distinguishes between drug-binding and
non-drug-binding sites.* The average site score value for
sub-micromolar binding sites is 1.01.> In Figures 5-9, the
computed site scores were mostly above 0.95. However,
despite the nearly identical site score values, the site score
value of SiteMap 3 (Figure 7) ranked highest at 1.0718.
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Figure 9. A visual representation of potential 6PYS (human PI3K-a
protein complex) binding site (SiteMap 5).

These results suggested that while the site score may aid
in deciding the target site, it may not provide sufficient
information about the drug-binding state of the site,” as
it relies on computational estimations and is primarily
useful for predicting ligand-protein interactions.

The size of the binding site corresponds to the size of
the interacting ligand, determining the maximum ligand
size that can fit and interact with the protein. However,
ligand binding pockets varied widely in size, as shown
in Figures 5-9. Comparatively, a binding site size of 102
(Figure 9, SiteMap 5) would typically hold a smaller
ligand than a binding site of size 162 (Figure 8, SiteMap 4).
Moreover, the binding of ligands of different sizes, shapes,
and compositions implies a different geometry of the
receptor binding sites that allow the movement of backbone
and side-chain atoms, resulting in differences in the details
of residue interactions.

Druggability refers to the likelihood of a drug-like
compound or molecule modulating or exhibiting protein
interaction™ at a therapeutically useful level of affinity.
Here, the druggability of the protein was evaluated using
SiteMap. Interestingly, Figures 5-9 revealed a wide range
of druggability scores (0.9504 - 1.0846) for the refined
protein. Among the identified druggable pockets, SiteMap
3 (Figure 7) ranked the highest, with a score of 1.0846 as
compared to others. It is noteworthy that a druggability
score over 0.5 and closer to 1.0 indicates good druggability.
The druggability score is computed based on the enclosure
and hydrophilicity (hydrophilic interaction score) of the
tested pocket (Equation I).

In Figures 5-9, the enclosure score ranged from 0.6314
- 0.8035. There is a positive correlation between the
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enclosure score and the druggability score, indicating that
a rise in the druggability score corresponds to a higher
degree of cavity enclosure, represented by the enclosure
score. A higher enclosure score suggests an envelope
with a tighter barrier that would prevent ligands from
releasing once it is enclosed. Hence, an enclosure score
of 0.8035 depicted a high-affinity enclosure (potentially
stimulus-sensitive) for the 6PYS human PI3K-a protein to
envelope a ligand and act as a diffusion barrier, providing
an excellent slow release.*

Conversely, the pocket hydrophilicity (hydrophilic
interaction score) of the protein depicted an inverse
correlation with the druggability score, as illustrated in
Figures 5-9. The hydrophilicity of the binding pockets
primarily favors polar ligands,” which have a strong
affinity for water and are soluble in water. Although the
results shown in Figures 5-9 are approximately identical,
SiteMap 5 obtained the best hydrophilic interaction score
of 1.1301, indicating that the binding site provided a
better hydrophilic environment with a higher affinity for
interacting with polar ligands and water compared to other
binding sites.

In addition, Figures 5-9 present the computed results of
the volume of potential binding sites from the respective
SiteMaps. The volume of the binding pocket plays a
significant role in the process of rational drug discovery. The
size and shape of the drug molecule that can successfully
bind to the protein depend on the volume of the binding
pocket. While a smaller binding pocket might be better
suited for tiny molecules, a larger binding pocket might
be able to accommodate larger medication molecules. In
Figures 5-9, binding SiteMap 1 suggested a larger binding
volume of 2067.6040 A*when compared to the other
binding SiteMaps. In any case, a well-fitted ligand into the
receptor pocket can trigger signaling transduction, while a
mismatch in volume fitting may decrease responses.

Figures 5-9 display the result of the ligand-receptor
complex contact score. The contact score is a property that
evaluates the strength of the average site-point interactions,
such as hydrogen bonding, electrostatic interactions,
hydrophobic interactions, and non-bonded Van der
Waals interactions with the receptor.”® These interactions
contribute to the stability and strength of the ligand-
receptor complex and are essential for effective binding.
The contact score provides a numerical value representing
the quality of the ligand-receptor interaction, calibrated
such that the average score for the sub-micromolar sites
is 1.0, facilitating comparison between sites, where a
higher value indicates better interaction. In Figures 5-9,
the contact score ranged from 0.8492 - 1.0307. SiteMap
5 possessed the highest contact score value (1.0307),

indicating a strong and favorable interaction of the ligand
with the target receptor, suggesting a higher potential for
binding and therapeutic activity of optimal efficacy.

Figures 5-9 depict the computed results for the
binding site exposure score, which explains the degree of
accessibility or availability of the binding site to interact
with a ligand, as well as its openness to solvents. However,
in Figures 5-9, the exposure scores of the SiteMaps range
from 0.5405 - 0.6446. A lower exposure score indicates
a deeper or well-encapsulated site favorable for excellent
ligand-protein binding. More so, for a favorable binding,
the Van der Waals contact with the receptor should lie
at least 4 A from the nearest protein atom. Hence, the
numeric value of the exposure score of SiteMap 5 (Figure 9)
suggested that better molecular mechanotransduction
could occur, due to a deeper and better-encapsulated site
location in the receptor for ligand binding.>®

The dynamicsaround the hydrophobicity ofabindingsite
is another important property that ensures the presence of
hydrophobic characters necessary for high binding affinity.
Hydrophobicity is a characteristic that measures the extent
to which a molecule is able to repel water. Proteins tend
to bury hydrophobic residues within their core during the
folding process to stabilize the protein structure and prevent
aggregation. However, the hydrophobic interaction score
measures how effectively hydrophobic molecules interact
with each other in a solvent environment. Figures 5-9
depict the results of the respective SiteMaps™ hydrophobic
interaction scores. The hydrophobic interaction score for
SiteMap 4 (Figure 8) was 0.7735, ranking top among all
the SiteMaps assessed. This result depicted a region with a
higher propensity for stronger hydrophobic binding sites
to bind to ligands with higher affinity. In general, entropic
phenomena cause hydrophobic molecules to interact with
each other in water.””

3.4. Molecular docking analyses

In this study, we report a comprehensive workflow involving
three stages of virtual screening processes: HTVS, SP, and
XP modes that simultaneously incorporated molecular
docking at each stage to discover potential top-performing
PI3K-a inhibitors for the suppression of human PI3K-a-
related problems.

Table 1 reveals four potential candidates identified
as top-ranked inhibitory molecules from the virtual
screening and docking of several ligands on the human
6PYS protein complex. The molecular docking results of
these compounds revealed that the structural motifs of
the top-ranked potential inhibitory molecules that could
bind to the 6PYS human PI3K-a protein consisted of
cyclic sulfonamide derivatives attached to pyridine cores,
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Table 1. Molecular docking result from the three-stage virtual screening workflow

Reordered ligand Candidate 1

candidacy number

Candidate 2

Candidate 3

Candidate 4

Ligand digital nomenclature 00310001.cdx

Ligand nomenclature 3-(6-amino-5-(2-methyl
oxazol-5-yl)
pyridin-3-yl)-N-
((3-hydroxy
oxetan-3-yl) methyl)-4-
methylbenzenesulfonamide

Activity (pIC_) 6.5086
glide gscore -12.8675
glide evdw -38.4417
glide energy -49.8733
glide einternal 5.0994
glide emodel -80.7610
XP HBond -2.1467
XP PhobEn -2.0000
XP LowMW —0.0651
XP RotPenal 0.1931
XP LipophilicEvdW -5.8921
XP Electro -0.8574
XP Sitemap —-0.1494
XP ExposPenal 0.0000
XP CIBr (halogen 0.0000
contribution)

XP PiCat 0.0000
glide eff state penalty 0.0206
Binding affinity -9.0456
Computed RMSD against 2.98

reference ligand structure (A)

00254001.cdx

3-(6-Amino-5-(isoxazol-5-yl)
pyridin-3-yl)-N-
(2-hydroxy-2-methylpropyl)
-4-methylbenzenesulfonamide

00137001.cdx

3-[6-Amino-5-
(2-methyl-oxazol-5-yl)-
pyridin-3-yl]-N-
(3-hydroxy-3-
methyl-butyl)-4-
methylbenzenesulfonamide

00199001.cdx

3-(6-Amino-5-
(3-methyl-1,2,4-
oxadiazol-5-yl)
pyridin-3-yl)-N-
((4-(hydroxymethyl)
tetrahydro-2H-pyran-4-yl)

methyl)-4-
methylbenzenesulfonamide

6.4685 6.8539 6.2518

-12.6943 -12.7015 -12.6736
—41.9224 —43.5924 —45.2563
—49.7553 —54.6716 —53.5503
6.2456 5.8060 4.5817

—77.5800 —84.7264 -81.8777
-1.9817 -1.9926 -1.7768
—-1.9500 -1.9500 -2.0750
—-0.1584 —-0.0649 0.0000
0.2181 0.2253 0.1894
—6.2412 —5.9585 —6.1663
—-0.5875 —-0.8309 —-0.6220
—0.1468 -0.1799 -0.3769
0.1032 0.0000 0.1040
0.0000 0.0000 0.0000
0.0000 0.0000 0.0000
0.0008 0.0206 0.0008
—8.9569 -8.9619 —8.9420

2.98 2.97 2.94

along with several other substituent moieties. While these
moieties vary, they may be derived from alkaloids.

Surprisingly, sulfonamide derivatives represent a
class of intriguing compounds with a diverse range of
pharmacological activities,”®® including anti-cancer,
anti-bacterial, > anti-fungal,*®  anti-oxidant,*¢
and anti-diabetic®”* activities.
However, the results presented in Table 1 suggest that a
hybrid of sulfonamide and pyridine-based heterocyclic
compounds functionalized with other potent moieties
exhibits adequate synergistic biological effects capable of
enhancing sufficient biological activity against PI3K-a.
The binding affinity values for the respective candidates
demonstrated a reasonable reflection of a spontaneous and
favorable free energy change toward the bound complex.

anti-inflammatory,*¢>707!

In addition, in Table 1, the RMSD values between the
docked compounds and the cocrystallized ligand (P5])
were within the threshold of 2 - 3A, suggesting a successful
docking pose prediction with appreciable biological
relevance, attributed to the chemostructural similarities
of the candidates. Furthermore, in Table 1, the values of
other crucial parameters for the respective candidates
offer significant insights into key mechanistic interactions
between a ligand and the target, PI3K-o.

3.5. Field-based 3D-QSAR analysis

To establish the structure-activity relationships of the
selected human PI3K-a inhibitory compounds, a robust
field-based 3D-QSAR model was employed via an in silico
technique. The field-based 3D-QSAR model was a hybrid
model composed of a force field model and a Gaussian
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model. While the force field model is similar to the
comparative molecular field analysis (CoMFA) models, the
Gaussian model is similar to the comparative molecular
structure analysis (CoMSIA). However, the hybrid model
is built on the OPLS-3e force field, which requires a set of
aligned compounds in a 3D space with known activities for
predictive operation.

Table 2 summarizes the performance of the robust
field-based 3D-QSAR model, organized into four different
partial least squares (PLS) regression sub-models. Each row
illustrates the application of special multivariate statistical
analysis routines — PLS factors — used in building the model.
The PLS factors are linear combinations of the original
predator variables that are used to fit a linear regression
model. The number of PLS factors or latent variables was
employed to extract the most relevant information from
the molecular descriptors and the biological activity data
of the inhibitors. Based on the pIC, as the activity property
of the inhibitory compounds, the model performance was
validated across several statistical indices, such as standard
deviation (SD), coefficient of determination (R?), R cross-
validation for the training set, R* scramble (R Scr), model
stability, F-value, p-value, root mean square error (RMSE),
cross-validated coefficient of determination (Q?) for the
test set, and the Pearson-r correlation with the test set of
the model. Hence, the PLS factors are compared with the
best performer selected to depict the field-based 3D-QSAR
model.

The SD is a descriptive statistic used in the majority of
clinical and experimental studies, and it illustrates how
the mean represents sample data while also evaluating the
variation in a dataset that follows a normal distribution.”>”
A low SD indicates more stable and consistent sample data
whose values are close to the mean, while a high standard
deviation indicates that the values are spread out (scattered)
over a wide range, away from the mean. Thus, as shown in
Table 2, the order of significance of the SD for the four PLS
factors is illustrated by the following trend:

SD: PLS factor 4 = PLS factor 3 => PLS factor 2 = PLS
factor 1

Table 2. Summary of Field-based 3D-QSAR model performance

The coeflicient of determination (R?) is the measure of
the proportion of variance in the observed activity that is
explained by the model.” Statistically, the R* value ranges
from 0 to 1, with 1 indicating the excellent explanatory
power of a model. Furthermore, a high R? value indicates a
good fit of the model data. Hence, in Table 2, the hierarchy
of importance in the value of R? across each PLS factor is
depicted in the following trend:

R?: PLS factor 4 = PLS factor 3 = PLS factor 2 = PLS
factor 1

Emphatically, it is important to note that a high value
of R? does not necessarily translate to a better model when
interpreting the R? statistic of a QSAR model for novel drug
discoveries, since a high R? may be achieved by overfitting
the model to the training data. Furthermore, it does not
imply a causality nor provide a mechanistic interpretation
of the QSAR model,”””® which is often misconceived
among many researchers.

The coefficient of determination obtained by cross-
validation (R? cross-validation) is a statistical method
used to assess the predictive performance of the model on
new data. In addition, the R?* cross-validation values were
computed from the predictions obtained by a leave-one-
out (LOO) approach as a measure of the predictability of
the CoMFA mode. According to the CoMFA approach,
changes in the biological activities or binding affinities of
sample compounds correlate with the variations in the
steric and electrostatic fields of the molecules since drug-
receptor interactions are typically non-covalent. In a typical
CoMFA procedure, the steric and electrostatic fields around
each molecule under study are sampled using probe atoms,
typically sp3 carbon atoms with +1 charge, on a rectangular
grid that includes the structurally aligned molecules.” The
R* cross-validation value greater than 0.3 is considered
significant. However, in Table 2, only PLS factor 1 deviated
from significance in that its R* cross-validation value was
0.2157. Hence, the following trend depicted the order of
significance among the four PLS factors:

R?CV: PLS factor 4 = PLS factor 3 = PLS factor 2 =
PLS factor 1

#PLS Standard R? R? cross-validation R? Stability =~ F-value  P-value RMSE Q Pearson-r
factors deviation scramble

1 0.7356 0.2815 0.2157 0.0499 0.994 37.2 2.28E-08 0.67 0.3583 0.6035
2 0.5484 0.6049 0.4424 0.1749 0.963 72.0 1.11E-19 0.50 0.6486 0.8062
3 0.4370 0.7517 0.4643 0.2736 0.875 93.9 4.94E-28 0.45 0.7185 0.8488
4 0.3622 0.8313 0.4502 0.3674 0.721 113.3 1.11E-34 0.40 0.7776 0.8825

Abbreviations: PLS: Partial least squares; RMSE: Root mean square error.
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The coefficient of determination obtained by
scrambling, R? scramble (R2Scr), is one of the statistical
methods to test the significance of a 3D-QSAR model. It is
the average value of R? from a series of models built using
scrambled activities and measures the degree to which the
molecular fields can fit meaningless data. Table 2 shows the
values of R? scramble for the respective PLS factors, reveals
that PLS factor 1 scored lowest with a value of 0.0499,
while PLS factor 4 scored a value of 0.374. Moreover, a high
R? scramble indicates that the model is not meaningful and
may be overfitting the data. Hence, the model containing
a PLS factor emerged as the most significant model with
meaningful data fitting. Concerning R*Scrvalues for various
PLS factors in Table 2, the following trend summarizes the
order of meaningfulness of models as obtained by random
shuffles of the values of the bioactivity response variable:

R*Scr: PLS factor 4 = PLS factor 3 = PLS factor 2 =
PLS factor 1

Table 2 also shows the value of stability of respective
PLS factors. Stability accounts for how stable the PLS
factors are when different subsets of data are used to fit the
model. This statistic ranges from 0 to 1, where 1 means that
the factors are identical for all subsets (stable), and 0 means
that they are completely different. However, it is inferred
from Table 2 that PLS factor 1 is more stable at model
predictions to changes in the training set composition than
other PLS factors, as highlighted in the following trend:

Stability: PLS factor 4 = PLS factor 3 = PLS factor 2
= PLS factor 1

F-value and p-value are also statistical indices used
to validate the 3D-QSAR model. F-value statistic tests
whether adding a new PLS factor to the model significantly
improves its fit or not, while p-value is a probability that
measures how likely it is to obtain F-value as large or
larger than the observed one by chance alone, assuming
that adding a new PLS factor does not improve the fit of
the model. F-value is computed by comparing the sum of
square errors (SSE) of two nested modes: one with k PLS
factors and one with k+1 PLS factors. A higher F-value
means that adding a new PLS factor reduces the SSE
significantly and improves the fit of the model. Conversely,
alower p-value means that adding a new PLS factor is more
significant and not due to chance. Table 2 suggested that
PLS factor 4 had a higher F-value (113.3) when compared
with the other PLS factors, which means that its addition
to the model would significantly improve its fit and reduce
the SSE. The hierarchy of F-value significance is depicted
below:

F-value PLS factor 4 = PLS factor 3 = PLS factor 2 =
PLS factor 1

PLS factor 4 had the lowest P-value (1.11E-34) among
all four PLS factors, and adding it to the model would
improve the model significantly, but not due to chance.
Hence, the following trend is the case for the order of
P-value significance among the PLS Factors:

P-value PLS factor 4 = PLS factor 3 = PLS factor 2 =
PLS factor 1

The remaining aspects of Table 2 were statistics typically
associated with the test set of the input data used to build
the 3D-QSAR model. The RMSE is the statistic that
describes how close the predicted values of the dependent
variable are to its actual values. A lower RMSE means that
the predictions are more accurate and have fewer errors.
However, Table 2 revealed the lowest RMSE value for PLS
factor 4, while the RMSE value of 0.67, which represented
PLS factor 1, suggested a slightly weaker model prediction
with somewhat more errors than other PLS factors. The
trend for the order of significance is presented as follows:

RMSE: PLS factor 4 = PLS factor 3 = PLS factor 2 =
PLS factor 1

The predictive squared correlation coefficient of the test
set, Q% is a statistical property that reinforces the validity of
a QSAR model based on quantifying the predictive ability
of the model in the aspects concerning reliability, accuracy,
and applicability domain of the model. The Q* is obtained
from methods based on simple reuse, such as leave-one-
out and leave-many-out cross-validation.*” This parameter
is important and has become well-known because it takes
values in a normalized range (ie., <I), thereby permitting
a trivial understanding of its values and easy comparison
of different QSAR models and the different performance
of fitting and predictive capabilities of a model. However, a
higher (* means that the predictions are reliable and have less
uncertainty. Hence, in Table 2, it is revealed that the computed
value for Q* for PLS factor 4 exceeded the (? values of other
PLS factors. This implied a more confident final result valid
both for internal validation, such as cross-validation or
bootstrap, as well as external validation® and the following
trend depicts the reliability order of Q* on model:

Q*: PLS factor 4 = PLS factor 3 = PLS factor 2 = PLS
factor 1

The Pearson correlation coefficient, or Pearson-r
statistic, assesses the strength of the correlation between
two continuous variables, ranging from 0 to 1. A value
of 1 indicates a stronger correlation, while a value of 0
represents a weaker correlation. Table 2 illustrates the
Pearson correlation coefficient, which estimates the degree
of correlation between the respective PLS factors and
the predicted activities of the model using the test set. It
is therein in Table 2 that PLS factor 4, with a Pearson-r
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value of 0.8825, held a stronger correlation with the model
than other PLS factors, even as PLS factor 3 ranked next.
However, the rank which the degree of correlation is
depicted in the following trend:

Pearson—r: PLS factor 4 = PLS factor 3 = PLS factor 2
= PLS factor 1

The table can be used to compare different models with
different numbers of factors and select the best one based on
the given statistical criteria. However, a good QSAR model
should not only have a high R? value but also have high
predictive power, robustness, interpretability, applicability,
etc. It is logical to choose a model that has high R?, Q%, and
Pearson-r, and a low RMSE and p-value, while avoiding
overfitting (indicated by a large gap between R? and R* CV
or a high R*Scr) and instability (indicated by a low stability).
It is inferred from Table 2 that PLS factors 4 and 3 were
the best performers among other PLS factors. To compare,
PLS factor 4 performed better than PLS factor 3 in terms
of fit, significance, accuracy, reliability, and correlation,
but worse in terms of variation, prediction, generalization,
and stability. Based on these critical criteria, PLS factor 3
was considered the optimal PLS factor, which offered the
safest approach that accounted for model performance and
quality.

Table 3 displays the percentage contribution of
different Gaussian descriptors in the QSAR model for each
number of PLS factors used in the model. The Gaussian
descriptors encode the mean and covariance information
of local features in a graphical object.®’ In Table 3, PLS
factor 3 comprised 27.3% steric, 10.5% electrostatic, 19.4%
hydrophobic, 25.8% hydrogen bond acceptor, and 17%
hydrogen bond donor descriptors. These values indicate
the contribution of each Gaussian descriptor to PLS factor
3 in analyzing the relationship between the predictor
variables and the response variable in the regression
model. The result suggests that most of the binding energy
predominantly emanated from steric (27%) and hydrogen
bond acceptor (25.8%) interactions. Steric and hydrogen
bond acceptor interactions influence protein-ligand
binding affinity and specificity. Steric interactions depict
the shape complementarity and spatial fit of the ligand, as
well as influence the entropy of the binding process of the

Table 3. Molecular field fraction analysis

protein-ligand complex.®> On the other hand, hydrogen
bond acceptor interactions illustrate how ligands accept
electrons from a protein donor, stabilize the complex, and
enhance ligand recognition within the protein,* in which
the hydrogen bond paring influences shifts in pKa values
of interacting groups and also affects charge distribution
and electrostatic potential **

In conjunction with Table 3, the visualization of
the interactive contributions of the different Gaussian
descriptors in the context of PLS factor 3 under study is
graphically presented in Figure 10.

3.6. Rational design of a new ligand
3.6.1. Skeletal modifications

Medicinal chemistry continues to be impacted by
innovative in silico methods, especially at the drug
discovery stage using QSAR models. In this study, we
attempted to design a new compound with enhanced
binding affinity and specificity by enacting the desired
chemical transformations on a reference ligand in a concise
and chemospecific fashion. The concept of “molecular
editing” involves building onto, modifying, or pruning
molecules atom by atom, utilizing transformations that are
adequately mild and selective for application in the later
stages of drug synthesis and sequencing.®

The skeletal editing of the top-ranked hit compound
(Candidate 1, in Table 1), which was obtained from the
robust virtual screening-molecular docking workflow,
involved some heterocyclic modifications that were in
conformation with the congeneric series of molecules
used in docking. The molecular modification between the
reference compound and the resulting T85 is illustrated
in Figure 11. The skeletal editing of the reference hit
compound was associated with molecular modifications
in the heterocycles of its oxazole and the oxetane-pyridine
sub-cores, with fluorination and bipyridine formation
dispatched, respectively. However, the fluorination
involved the replacement of the 2-methyl group on the
oxazole ring by a fluorine atom, and the pyridine ring was
fused with another pyridine ring at the 3-position. The
resulting putative ligand, referred to as T85, holds promise
as the next synthetic hit compound.

#PLS Gaussian Gaussian Gaussian Gaussian hydrogen Gaussian hydrogen
factors steric (%) electrostatic (%) hydrophobic (%) bond acceptor (%) bond donor (%)

1 0.428119 0.056828 0.172533 0.217674 0.124847

2 0.315070 0.093522 0.197463 0.237846 0.156099

3 0.273183 0.105146 0.194088 0.257736 0.169848

4 0.312171 0.093195 0.190332 0.260085 0.144218
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Figure 10. Field-based QSAR visualization of Gaussian descriptors for PLS factor 3.

Figure 11. T85 (B) from the structural modification of Candidate 1
(reference hit compound [A]). The nomenclature of (A) and its SMILES
notation is 3-[6-amino-5-(2-methyl-1,3-oxazol-5-yl)pyridin-3-yl]-N-{[3-
(hydroxymethyl)oxetan-3-yl]methyl}-4-methylbenzene-1-sulfonamide
and Cclncc(ol)-clec(encIN)-clec(ccc1C)S(=0)(=0)NCC1(CO)COC1,
respectively, while the nomenclature of T85 (B) and its SMILES notation
is: 6’-amino-5’-(2-fluoro-1,3-oxazol-5-yl)-N-{[3-(hydroxymethyl)oxetan-
3-yllmethyl}-3-methyl-[2,3’-bipyridine]-6-sulfonamide and Cclccc(ncl-
clenc(N)c(cl)-clenc(F)o1)S(=0)(=0)NCC1(CO)COCL, respectively.

The concept of incorporating a fluorine atom in the
compound was to furnish T85 with unconventional and
distinctive properties. Although fluorine addition is not a
panacea, its presence in the drug molecule is intended to
improve the drug’s biological activity, affecting both the
pharmacokinetics and dynamic properties,® ultimately
aiding in saving lives. For example, the production of
fluorine-associated novel therapeutic drugs approved
by the FDA in 2021 was utilized for controlling the
COVID-19 pandemic and treating various diseases.*”*

The low metabolic stability of drugs is one of the critical
problems in drug development. However, this could easily
be circumvented by blocking the metabolically labile sites
with fluorine substituents. Moreover, the carbon-fluorine
(C-F) bond is one of the strongest single bonds due to
the high electronegativity of fluorine, giving the bond

a significant dipole moment or polarity. In addition, the
C-F bond is relatively short, enacted by its partial ionic
character, which also affects the strengths of other bonds,
rendering other parts of the drug harder to degrade.®®
Hence, the drug persists longer, exerting a prolonged effect
on the targeted disease or condition. We anticipate this
phenomenon to hold true for T85.

Improving the lipophilicity of the intended drug
was another design consideration in line with drug
development protocols. For effective passive transportation
across the cell membrane, the drug must readily traverse
the lipid membrane without any hindrance.* Therefore,
for a better drug compound, moderate lipophilicity is
necessary. Fluorination is often a better option due to its
high lipophilicity, which increases drug absorption.®”*!
In light of the reported findings, the deliberate inclusion
of fluorine during the design of T85 can productively
influence its intrinsic potency and membrane permeability,
thereby fostering effective metabolic pathways and
pharmacokinetic properties against human PI3K-o.
Moreover, the addition of fluorine to a molecule to inhibit
a protein kinase involves modulating the binding affinity
and selectivity of the drug to its target receptor by altering
the electronic and steric properties of the molecule,
influencing the conformation and solubility of the drug.

The asymmetrical combination of pyridines — bipyridine
- in the design of T85 is believed to confer various
advantages, such as enhanced binding affinity, selectivity,
stability, and drug solubility. This modification can also
alter the electronic and steric properties of the molecule,
facilitating interactions with different molecules through
non-covalent interactions and potentially resulting in the
formation of supramolecular structures with interesting
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properties. Furthermore, bipyridine is capable of inducing
chirality through ring functionalization or restricted
rotation (atropisomerism), thus increasing its relevance in
asymmetry-based applications. However, the inclusion of
fluorine in the design of T85 is still a limited study, and its
full potential has yet to be clinically verified.

Table 4 summarizes the performance comparison
between the reference hit compound and T85 obtained
from the IPP under the MCS-constrained docking type
and 3D-QSAR model prediction. To compare docking
scores, a docking score of -9.88 was better than -9.51. This
meant that T85 was predicted to have a stronger binding
affinity or interaction with the target protein compared to
Candidate 1. In addition, Table 4 indicates that Candidate 1
possessed a lower biological activity (6.51) than T85 (8.25)
in inhibiting the target protein.

3.6.2. T85-6PYS interactions

In this work, we studied the interactive behavior of T85
within the receptor grid of the target protein in a 2D space.
Figure 12 illustrates the amino acid residues of the 6PYS
protein that enveloped T85 in the target binding site.
The interaction diagram revealed both hydrogen bonds
and non-bonded contacts, presenting a list of amino
acid residues along with their corresponding positions in
the protein sequence. Together, these elements formed
the characteristic binding pocket of the 6PYS protein in
complex with the T85 compound. The diagram revealed
hydrogen bond interactions between T85 and the 6PYS
protein complex, particularly in the regions where LYS
802 and VAL 851 amino acid residues were located.
Furthermore, - bonded interactions occurred between
the pyridine ring of T85 and the amino acid residue TYR
836, as well as between the oxazole ring of T85 and the
amino acid residue TRP 780. The m-n bonded interactions
are non-covalent interactions among the residues of
proteins and nucleic acids, between ligands and proteins,
which have extraordinary significance in interpreting
the dynamics of intricate biological systems and the
biological activity necessary for drug discovery.”” These
interactions contribute to the stability and selectivity of the

protein-ligand complexes by providing additional attractive
forces and complementarity between the binding partners.
These suggest that T85 exhibits an adequate number of
interactions, indicating optimal complementarity between
the ligand and the receptor.

Figure 13 describes the non-covalent interaction of the
hydrophobic type established in the enclosure of T85 by
several hydrophobic amino acid residues. Interestingly, the
result revealed that 11 hydrophobic amino acid residues
enveloped T85, with more isoleucine (ILE) amino acid
residues involved in the ligand-receptor hydrophobic
interaction network at different positions in the protein
sequence. However, the presence of multiple hydrophobic
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Figure 12. Two-dimensional schematics of T85 in the binding cavity
6PYS, surrounded by amino acids in their respective positions in the
protein sequence.

Abbreviations: ALA: Alanine: ARG: Aginine; ASP: Aspartic acid; GLN:
Glutamine; GLU: Glutamic acid; HIS: Histidine; ILE: Isoleucine; LYS:
Lysine; MET: Methionine; PHE: Phenylalanine; PRO: Proline; SER:
Serine; THR: Threonine; TRP: Tryptophan; TYR: Tyrosine; VAL: Valine.

Table 4. Performance comparison data between hit reference ligand and T85

Compound Nomenclature MCS- constrained Activity
docking score (pIC,,)
Candidate 1 (hit 3-[6-amino-5-(2-methyl-1,3-oxazol-5-yl) -9.51 6.51
reference compound) pyridin-3-yl]-N-{[3-(hydroxymethyl) oxetan-3-yl]
methyl}-4-methylbenzene-1-sulfonamide
T85 6’-amino-5’-(2-fluoro-1,3-oxazol-5-yl)-N-{[3-(hydroxymethyl) -9.88 8.25

oxetan-3-yl] methyl}-3-methyl-[2,3’-bipyridine]-6-sulfonamide

Abbreviation: MCS: Maximum common substructure.
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amino acid residues around a ligand is crucial to driving
coherent functional control of biomolecules.” Hence, from
our simulation result, the formation of a hydrophobic core
by the numerous hydrophobic amino acid residues around
T85 demonstrated a strong interaction that indicated
adequate ligand-receptor stability, binding specificity, and
selectivity.

In addition, Figure 13 reveals the synergy between
hydrophobic interactions and hydrogen bonds within the
binding pocket of the 6PYS PI3K-a protein. The diagram
depicted a hydrophobically packed correlated hydrogen
bond, which is regarded as a signature type of interaction
that explained the coexistence of polar (hydrogen bond)
and non-polar (hydrophobic) interactions at certain
locations of the binding cavity of the simulated T85-
6PYS complex. The schematic revealed that hydrophobic
interactions emanated from several unique hydrophobic
amino acid residues of 6PYS, including VAL 851, TRP 780,
VAL 850, TYR 836, PHE 930, ILE 800, ILE 848, LYS 802,
and ILE 932.

The complexity of the interactions also involved the
presence of hydrogen bonds within the hydrophobic
vicinity of VAL 851. At a distance of 1.88 A, a favorable
intermolecular hydrogen bond interaction was formed
between the polar hydrogen atom of T85 and an oxygen
atom of the carbonyl functional group of the VAL 851
amino acid side chain (Figure 13). In addition, in the
binding cavity of the protein, the nitrogen atom in the
pyridine ring of T85 established another hydrogen bond
with a hydrogen atom of the VAL 851 side chain with
an interactive distance of 2.12 A. These hydrogen bonds
illustrated a strategic molecular recognition of T85 in its
tautomeric state, signaling substantial therapeutic effects.
The entrapment of T85 within the binding cavity of the
6PYS protein further illustrated that for T85 to be released,
it would need to simultaneously break both hydrogen
bonds with VAL 851 and all hydrophobic interactions
between the hydrophobic amino acid residues of the
receptor, implying a strong binding of the ligand to the
receptor.

All hydrophobic amino acid residues are depicted as
CPK representation, while the portions of the T85 that
formed hydrophobic interaction are revealed in ball-and-
tube representation.

Figure 14 describes the details of non-covalent
interactions, especially hydrogen bonds and w-m (pi-pi)
stacking interactions within the receptor-binding domain
of the target 6PYS. Non-covalent interactions, such as
hydrogen bonds, are ubiquitous in nature and serve a
variety of significant roles in protein folding, protein-
ligand interactions, catalysis, and maintaining specific

VAL 851
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Figure 13. Hydrophobic encapsulation of T85 among several 6PYS
protein residues.

Lys 802

\

Figure 14. Hydrogen bond and 7t-7 stacking interactions.

molecular conformations. Therefore, they are particularly
important in biological systems.”* Hence, numerous
biological, chemical, and physical systems and processes
are impacted by hydrogen bond interactions, which are
essential in controlling the structure, characteristics,
and activities of biomolecules.”” On the other hand, -7
stacking interactions are a form of attractive and non-
destructive non-covalent interactions between aromatic
rings, which encompass  bonds, and whose contributions
in a supramolecular assembly are vital for understanding
the intrinsic nature of receptor-ligand binding domain.***”

Thehydrogenbond contributionsbetween T85and 6PYS
are shown in Figure 14. The hydrogen bond interactions
developed in the binding pocket of the receptor were
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characterized by bond distances between certain atoms
of T85 and side chains of the target, including VAL 850,
VAL 851, and LYS 802. The architecture of the hydrogen
bond interactions includes the H-NeeeH between T85 and
VAL 851 residue at a bond distance of 2.12 A; the C-OsseH
between VAL 851 residue and T85 at a bond distance of
1.88 A; and the N-Hee¢O between amino acid residue LYS
802 and T85 at a bond distance of 2.05 A. The architecture
suggests that the hydrogen bonds formed within the
computed bond distances indicate strong hydrogen bonds
necessary for the effective binding of T85.

Figure 14 also presents another type of non-covalent
interaction in our simulation, revealed as m-m stacking
interactions. The distance and angle of the intermolecular
contribution of m-m stacking interaction between the
planes of the fluorine-associated oxazole aromatic ring
of T85 and the indole ring of TRP 780 side-chain was
computed at 5.42 A and 89.7°. More so, another 7-Tt
stacking interaction existed at a different space within
the binding site. This interaction manifested between the
hydroxyphenyl ring along the side-chain of TYR 836 and

the pyridine ring of T85 at a distance of 5.30 A and an angle
of 88.8°. Both m-m stacking interactions were coordinated
in T-shaped configurations within the binding site of the
6PYS protein complex. This type of configuration involves
quadrupole interactions among delocalized electrons
in m-orbitals, leading to enhanced intermolecular
electrostatic interactions.””® Therefore, having multiple
m-1 stacking interactions between aromatic compounds
between T85 and 6PYS suggested increased binding
affinity and specificity of the ligand-protein interaction,
which provided additional stabilizing forces and shape
complementarity.

3.6.3. ADMET Investigations

To investigate the metabolic stability and safety profiles of
T85, we assessed its clinical relevance using the QikProp
program in Schrodinger Maestro. For this, we utilized all
generated descriptors by QikProp, relevant for ADMET
predictions to evaluate the pharmacokinetic profiles of
T85. Table 5 displays a host of descriptors” computed by
QikProp with their optimal tolerance ranges following

Table 5. Evaluation of the pharmacokinetic attributes of T85 ligand from Schrédinger’s ADMET descriptors®

Descriptors Description Range or T85
recommended
values
#stars The quantity of attribute or descriptor values for known medications that are 0-5 0
outside the 95% range of comparable values. A molecule with more stars than
a few indicates that it is less drug-like than the other molecule. The quantity,
#rotor, donorHB, accptHB, glob, QPpolrz, PlogPC16, QPlogPoct, QPlogPw,
QPlogPo/w, logS, QPLogKhsa, QPlogBB, #metabol, and the following
attributes and descriptors are taken into account while determining the #stars.
#amine Quantity of amine groups that are not conjugated. 0-1 0
#amidine Quantity of amidine and guanidine groups. 0 0
#acid Count of groups of carboxylic acid. 0-1 0
#amide Count of non-conjugated amide groups. 0-1 0
#rotor Number of rotatable bonds that are non-trivial (not CX3) and non-hindered 0-15 7
(not amide, tiny ring, or alkene).
#rtvFG Reactive functional group count. These groups have the potential to cause 0-2 0
toxicity, decomposition, or reactivity issues in vivo, as well as false-positive
results in HTS assays.
CNS CNS is measured on a scale ranging from -2 (indicating no activity) to+2 -2 (inactive), +2 -2
(indicating full activation). (active)
Mol_MW (in Daltons, Da) The molecule’s molecular weight. 130.0 - 725.0 435.429
dipolet The molecule’s calculated dipole moment. 1.0-125 10.969
SASA SASA (total solvent accessible surface area), measured in square angstroms 300.0 - 1000.0 648.546
with a 1.4 A radius probe.
FOSA The SASA’s hydrophobic component (saturated carbon and attached hydrogen). 0.0 - 750.0 208.350
FISA The SASA’s hydrophilic component (SASA on N, O, H on heteroatoms, and 7.0 - 330.0 205.152
carbonyl C).
(Contd..)
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Table 5. (Continued)

Descriptors Description Range or T85
recommended
values
PISA The SASA’s 7 (carbon and attached hydrogen) component. 0.0 - 450.0 182.467
WPSA Weakly polar SASA component (halogens, P, and S). 0.0-175.0 52.577
Volume The volume of solvent accessible in cubic angstroms, measured with a 1.4 A 500.0 - 2000.0 1179.394
radius probe.
donorHB The approximate quantity of hydrogen bonding that the solute would 0.0-6.0 3
provide to the molecules of water in an aqueous solution. The values
represent averages calculated across multiple combinations.
accptHB The approximate quantity of hydrogen bonding that a solute in an aqueous 2.0 -20.0 10.75
solution would accept from water molecules.
dipA2/V The molecule volume is split by the square of the dipole moment. This is the 0.00 - 0.13 0.102009
crucial term in the Kirkwood-Onsager equation, which calculates the free
energy of solvation of a dipole with volume V.
ACxDNA0.5/SA Cohesive interaction index in solids. This term embodies the correlation 0.0 - 0.05 0.028710
(accptHB(\/donerHB))/(SA)
glob Globularity descriptor, (4mr?)/(SASA); r=Radius of a sphere; volume equal to 0.75-0.95 0.832396
the molecular volume. Globularity is equal to 1.0 for a spherical molecule.
QPpolrz Polarizability prediction in cubic angstroms. 13.0 - 70.0 38.293
QPlogPC16 Predicted hexadecane/gas partition coefficient. 4.0-18.0 12.254
QPlogPocti Predicted octanol/gas partition coefficient. 8.0 -35.0 24.625
QPlogPw Predicted water/gas partition coefficient. -2.0-6.5 17.373
QPlogPo/w Predicted octanol/water partition coefficient. 8.0 -35.0 1.122
QPlogS Aqueous solubility prediction, log S; S in mol dm™ is the concentration of the -6.5-0.5 -3.633
solute in a saturated solution that is in equilibrium with the crystalline solid.
CIQPlogS Conformation-independent predicted aqueous solubility, log S. S in -6.5-0.5 -4.59
mol dm~=concentration of the solute in a saturated solution that is in
equilibrium with the crystalline solid.
QPlogHERG Predicted IC,  value for blockage of HERG K*channels. Concern <- 5 -5.114
QPPCaco Anticipated apparent permeability of Caco-2 cells in nm/sec. A model for <25 poor, >500 great 112.317
the gut-blood barrier is provided by Caco-2 cells. The QikProp predictions
pertain to passive transportation.
QPlogBB Estimated brain/blood partition coefficient. Note: QikProp predictions are -3.0-1.2 -1.703
for orally delivered drugs.
QPPMDCK Estimated apparent permeability in nm/sec for MDCK cells. It is thought <25 poor, >500 great 90.367
that MDCK cells are an excellent representation of the blood-brain barrier.
For non-active transport, QikProp predictions are made.
QPlogKp Predicted skin (dermal) permeability, log Kp -8.0--1.0 -3.986
IP (eV)*t PM3 calculated ionization potential (negative of HOMO energy). 7.9 -10.5 8.667
EA (eV)T PM3 calculated electron affinity (negative of LUMO energy). -09-17 1.343
#metabi The quantity of possible metabolic reactions. 1-8 3
QPlogKhsa Prediction of binding to human serum albumin. -15-1.5 -0.44
HumanOralAborption Human oral absorption predicted at the qualitative level: 1, 2, or 3 for 3

low, medium, or high. The evaluation employs a set of knowledge-based
guidelines that include determining appropriate values for logP, solubility,
cell permeability, metabolite count, number of rotatable bonds, and percent
human oral absorption.

(Contd..)
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Table 5. (Continued)

Descriptors Description Range or T85
recommended
values

PercentHumanOralAbsorption On a0 - 100% scale, the predicted oral absorption by humans. An analysis >80% is high, <25% 70.217

of multiple linear regression data provides the basis for the forecast. is poor

HumanOralAbsorption and this attribute measure the same thing, hence

their correlation is typically good.
SAFluorine The solvent-accessible surface area of fluorine atoms. 0.0 - 100.0 51.967
SAamideO The solvent-accessible surface area of amide oxygen atoms. 0.0 - 35.0 0
PSA Van der Waals surface area of polar nitrogen and oxygen atoms and carbonyl 7.0 - 200.0 141.097

carbon atoms.
#NandO Number of nitrogen and oxygen atoms. 2-15 10
RuleOfFive Number of violations of Lipinski’s rule of five. The rules are: mol_MW<500, Maximum is 4 0

QPlogPo/w < 5, donorHB < 5, accptHB < 10. Compounds that satisfy these

rules are considered drug like. (The “five” refers to the limits, which are

multiples of 5.).
RuleOfThree Number of violations of Jorgensen’s rule of three. The three rules are QPlogS Maximum is 3 0

> -5.7, QP PCaco>22 nm/s, # Primary Metabolites<7. Compounds with

fewer (and preferably no) violations of these rules are more likely to be

orally available.
#ringatoms Number of atoms in a ring. 21
#in34 Number of atoms in 3- or 4-membered rings. 4
#in56 Number of atoms in 5- or 6-membered rings. 17
#noncon Number of ring atoms not able to form conjugated aromatic systems (e.g., sp® C). 3
#nonHatm Number of heavy atoms (non-hydrogen atoms). 30
Jm Predicted maximum transdermal transport rate, KpxMWxS (ug cm™2 hr). 0.01

The parameters (K and S) are obtained from the aqueous solubility and skin

permeability, QPlog K and QPlogS.

95% of known drugs gleaned from a retrospective
evaluation of drugs by the World Drug Index (WDI) to
serve as a baseline for molecules. The drug-likeness and
pharmacokinetic attributes of a compound are important
considerations in drug development to guarantee that the
molecule exhibits favorable characteristics for absorption,
distribution, metabolism, excretion, and toxicity properties
while possessing appropriate physicochemical properties
for potential therapeutic use. Interestingly, T85 complied
with the ADMET descriptors put forward by QikProp, and
results were within optimal tolerance bounds, especially
Lipinski’s rule of five, Jorgensen’s rule of three, the blood/
brain barrier (BBB) penetration, access to the central
nervous system, dermal penetration parameter (QPlong),
blockage of human ether-a-go-go-related gene potassium
ion (hERG K*), and so on, even the Verber rule.!® The
result culminated in the suitability of T85’ development as
a promising inhibitor for PI3K-a.

4, Conclusion

The enzyme PI3K-a plays a crucial role in regulating the
growth, division, and survival of cells by phosphorylating

specific lipids in the cell membrane, thereby activating
downstream signaling pathways. It is connected to the
frequently dysregulated PI3K/AKT/mTOR pathway in
cancer. Increased signaling through this route can result
from abnormal activation or mutations in PI3K-a, which
supports cell survival, proliferation, and resistance to
cell death. Such an imbalance may contribute to the
development and spread of cancer. Mutations in the
PIK3CA gene, which codes for the PI3K-a catalytic
subunit, are frequently observed in cancer types such as
lung, ovarian, colorectal, and breast cancers, contributing
to increased PI3K activity and abnormal signaling that
promotes cancer. To effectively target PI3K-a and other
members of the PI3K/AKT/mTOR pathway, it is critical
to rationally design potent multitarget inhibitors to
address the heterogeneity and complexity of cancer cells,
as well as the emergence of drug resistance and toxicity.
In this study, we obtained the human PI3K-a protein
(6PYS) co-crystallized with a ligand (PJ5) and selected
PI3K-a inhibitors from protein and binding databases,
respectively. The dataset comprised a congeneric series of
3D structures of selected PI3K-a inhibitors, which were
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refined to improve the quality, accuracy, consistency,
and completeness of the data while reducing noise,
errors, outliers, and inconsistencies. A virtual screening
workflow coupled with molecular docking evaluated
the binding potentials of the refined ligands within the
binding pocket 6PYS. Furthermore, the field-based QSAR
technique elucidated the potential interactions between
the ligands and probe atoms having specific attributes
such as hydrophobic, electrostatic, hydrogen bond donor,
or acceptor at each point in a 3D grid, highlighting key
features influencing ligand activity, potency, and selectivity
within the target binding site. In addition, the field-based
QSAR model captured the shape, size, and flexibility
of the ligands, along with their complementarity with
the target. Multivariate PLS regression was employed to
evaluate the relationship between the ligand molecular
fields (independent variables) and the biological activity
(dependent variable). Four PLS factors revealed important
information from the data, indicating the influence of
variance from the data on the 3D-QSAR model. A rational
drug design approach was employed to design a molecule
that could bind to the target and modulate its functions.
The clinical relevance and ADMET properties of the newly
designed molecule were predicted and evaluated according
to recognized standards, including Lipinski’s rule of five
and Jorgensen’s rule of three. Overall, the study proposes
the use of advanced and reliable computational techniques
to design novel and potent inhibitors of PI3K-a, a
potential target for cancer immunotherapy, along with the
repurposing of existing drugs for new indications.
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