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1. Introduction

Multi-omics pan-cancer profiling of CDK2 and in
silico identification of plant-derived inhibitors
using machine learning approaches

Md Ahad Ali, © *2® Hriddhi Sarker, € 2 Tania Khan,® Humaira Sheikh, © 2 Ahmed Saif,|
Farhad Bin Farid, Sadia Afrin,® Most. Asha Khatun® and Neeraj Kumar"

Cancer is a complex disease characterized by uncontrolled cell proliferation, often driven by dysregulated
cyclin-dependent kinases (CDKs), particularly CDK2, which plays a crucial role in cell cycle progression.
Aberrant CDK2 activity is associated with tumor growth and resistance to therapy, making CDK2
a promising therapeutic target. The main focus of this research is to integrate the multi-omics-based
pan-cancer analysis of CDK2 to identify novel plant-derived inhibitors, bridging the prognostic and
therapeutic relevance of CDK2 across various cancer types. In this study, to evaluate CDK2's expression,
prognostic behavior, genetic alterations, and immune infiltrations, we performed pan-cancer analysis.
The oncogenic analysis showed that CDK2 is significantly overexpressed in multiple tumor types and, in
some cancers, which correlated with poor overall and disease-free survival, indicating its potential as
a context-dependent prognostic biomarker. The involvement of CDK2 in key cell cycle and oncogenic
pathways was investigated, highlighting its centrality in tumor proliferation networks. Additionally,
cheminformatics and machine learning approaches were applied to screen phytocompounds from six
medicinal plants, and the top phytocompounds (>plCsqg = 5.1) were then subjected to molecular
docking, pharmacodynamics, pharmacokinetics, and dynamics simulation studies. Docking results
revealed that withanolide M, withanolide K, and ergosterol showed the highest binding affinities against
CDK2, with scores of —10.2, —10.1, and —9.9 kcal mol™, respectively. These lead phytocompounds
exhibited high potency, excellent pharmacokinetic properties, and minimal predicted toxicity as
compared with the control inhibitor of CDK2. The binding stability of the protein—ligand complexes was
confirmed by dynamic simulations along with MM-GBSA calculations, with the results supporting our
previously reported affinity score. Therefore, these phytocompounds could be potential CDK2 inhibitors,
warranting exploration in future cancer research. Furthermore, additional experimental and clinical
validations are required to confirm the efficacy and efficiency of these potential lead compounds.

sociodemographic categories, including age, sex, race,
ethnicity, education, occupation, income, social class, spiritu-

Cancer is a prevalent, debilitating, and potentially fatal illness ality, faith, and culture, in communities worldwide." Despite
that impacts individuals and their families across diverse significant advancements in its early detection, diagnosis, and

treatment, cancer remains a leading cause of death globally.
According to recent estimates, 19.3 million new cancer cases
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2020, with projections indicating a 76.6% increase in incidence
by 2050, reaching 35.3 million new cases. Likewise, global
cancer-related mortality is expected to rise by 89.7%, reaching
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be most severe in low- and middle-income countries (LMICs),
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to a moderate increase in high-income countries. This dispro-
portionate burden is driven by factors such as aging pop-
ulations, environmental and lifestyle changes, limited access to
healthcare, and inadequate early detection programs. By 2030,
nearly three-quarters of all cancer-related deaths will occur in
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LMICs with high mortality-to-incidence ratios, highlighting the
urgent need for improved diagnostic and therapeutic
strategies.”™

The disease is driven by a complex interplay of molecular
mechanisms, often described by the thirteen hallmarks of
cancer: (I) sustaining proliferative signaling, (II) deregulating
cellular energetics, (III) evading growth suppressors, (IV)
resisting cell death, (V) enabling replicative immortality, (VI)
inducing angiogenesis, (VII) activating invasion and metastasis,
(VIII) avoiding immune destruction, (IX) tumor-promoting
inflammation, (X) genome instability and mutation, (XI)
unlocking phenotypic plasticity, (XII) nonmutational epigenetic
reprogramming, and (XIII) senescent cells.” These hallmarks
pose a formidable obstacle to effective treatment.® These hall-
marks enable cancer cells to bypass normal regulatory mecha-
nisms, allowing unchecked proliferation and tumorigenesis.
Among these hallmarks, sustained proliferative signaling and
evasion of growth suppressors directly contribute to uncon-
trolled cell cycle progression, a fundamental process in cancer
development.” Cyclin-dependent kinases (CDKs) and other
CDK-associated proteins regulate the cell cycle tightly, ensuring
proper cell division. However, the dysregulation of these regu-
latory pathways leads to abnormal proliferation, genomic
instability, and tumorigenesis.*®

Cyclin-dependent kinase 2 (CDK2) is a key regulatory enzyme
in the G1-to-S phase transition of the cell cycle. It forms
complexes with cyclins E and A, driving DNA replication and cell
cycle progression.'® Under normal physiological conditions,
CDK?2 activity is precisely regulated by cyclin availability, cyclin-
dependent kinase inhibitors (CKIs), and phosphorylation
events." However, in many cancers, CDK2 becomes hyper-
activated due to genetic alterations, epigenetic modifications,
or the dysregulation of its associated cyclins and inhibitors.®
Several studies have reported CDK2 overexpression in several
cancers, including breast, ovarian, prostate, leukemia, and
lymphoma.’” An elevated CDK2 expression has also been
observed in oral cancers, where it serves as a negative prog-
nostic indicator."® Additionally, an overexpression of cyclin E2,
a regulatory partner of CDK2, has been linked to endocrine
resistance in breast cancer cells."* To better understand the
oncogenic relevance of CDK2 across different malignancies,
pan-cancer analysis has emerged as a crucial tool.** This
approach enables the comprehensive evaluation of CDK2
expression, mutation, and interaction patterns across diverse
tumor types, helping identify universal and cancer-type-specific
roles.** Such large-scale analysis provides valuable insights
into the extent of CDK2 dysregulation across tumor types,
reinforcing its critical role in promoting uncontrolled prolifer-
ation, resistance to apoptosis, and genomic instability. These
insights aid in the prioritization of CDK2 as a therapeutic target
and enhance the translational potential of CDK2 inhibitors in
precision oncology. However, despite its potential, clinical
success has been limited due to off-target effects, toxicity, and
resistance mechanisms.”® Recently, FDA-approved CDK4/6-
targeted inhibitors have emerged, while several CDK2 inhibi-
tors have been developed, none of which are yet FDA-approved.
Some commonly used drugs, such as ribociclib, abemaciclib,
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and palbociclib, which are used in hormone receptor-positive
breast cancer, have shown efficacy but are associated with
adverse effects, such as neutropenia, hepatotoxicity, and
gastrointestinal toxicity.”* Additionally, resistance to CDK4/6
inhibitors is increasingly observed, often due to the compen-
satory upregulation of CDK2 activity. This highlights the urgent
need for selective CDK2 inhibitors to target tumors reliant on
CDK2 hyperactivation. Recent studies have identified novel
CDK2 inhibitors, such as INX-315, which demonstrated prom-
ising anti-cancer activity in preclinical models of CCNE1-
amplified tumors.?” The development of CDK2-selective inhib-
itors could provide a more targeted approach, overcome resis-
tance mechanisms while minimizing off-target effects
associated with pan-CDK inhibition.

The isolation and identification of chemical substances
(phytocompounds) with their biological activities from natural
sources have traditionally resulted in the discovery of new
treatments, advancing the health and pharmaceutical sectors.*
In the pharmaceutical industry, phytochemicals are the main
resources for the development of any novel therapeutic
compounds.” In the oncology sector, about 50% of contempo-
rary therapeutic medications are derived from natural sources
and possess the ability to combat cancer cells.”® The IMPPAT is
a database that contains information about the plant chemicals
and therapeutics from traditionally used medicinal plants,
particularly those from the Indian subcontinent, useful for
facilitating in silico drug discovery. In contrast to other data-
bases that concentrate on Chinese, Korean and other data that
offer restricted phytochemical information, IMPPAT delivers
extensive insights specifically pertinent to traditional Indian
medicine.”* Nowadays, the in silico approach is an effective
technique for identifying potential CDK2 inhibitors before
experimental validation through in vitro and in vivo studies,
which will reduce our time and save the experimental cost as
well.”” Our integrative omics-ML framework aligns with the
broader movement of Al-enabled biomedical discovery, where
CNN-based approaches in clinical imaging, such as automated
skin lesion and gastrointestinal abnormality classification,**>°
exemplify the generalizability of machine learning across
diverse data modalities—from imaging to genomics to drug
discovery. As CDK2 plays an important role in cancer progres-
sion and considering the challenges associated with existing
therapies, multi-omics guided ML-based computer-aided drug
discovery (CADD) methodologies provide a rational framework
for discovering selective CDK2 inhibitors with improved efficacy
and reduced toxicity. To the best of our knowledge, no prior
study has comprehensively combined pan-cancer validation of
CDK2 expression with machine learning-based screening of
natural compounds to identify potential lead inhibitors. This
integrative approach remains largely unexplored in current
literature.**** Therefore, this study utilizes multi-omics-based
Pan cancer analysis, machine learning-based bioactivity
prediction of the collected compounds, and several CADD
techniques, including molecular docking, molecular dynamics
(MD) simulations, MM-GBSA, pharmacokinetics and SMILE-
based quantitative structure-activity relationship (QSAR)
modeling.**?** These computational techniques facilitate the
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Fig. 1 Complete graphical representation/flowchart of this research.

identification of potential bioactive compounds that target the
CDK2 protein, which will be good resources for the develop-
ment of a novel and effective cancer therapy. The complete
workflow of this study is shown in Fig. 1.

2. Materials and methods

To investigate the oncogenic relevance of CDK2 across a broad
spectrum of human cancers, a comprehensive pan-cancer
analysis was performed using integrative multi-omics data
from publicly available datasets. This study included the
expression analysis of transcriptomic & proteomic data, survival
analysis, immune infiltration, and pathway enrichment (GO &
KEGG) analyses.

2.1 Transcriptomic and proteomic expression profiling

The Tumor Immune Estimation Resource (TIMER 2.0) is an
important database for analyzing the association between gene
expression and tumor features using data from the Cancer
Genome Atlas (TCGA).*” In this study, TIMER2.0 (https://
timer.comp-genomics.org/) was used to analyze the expression
of CDK2 across different tumors and their corresponding
normal tissues via the ‘Gene_DE’ module of the TIMER 2.0
database.

We wused the GEPIA2 (https://gepia2.cancer-pku.cn)
database®® to calculate the expression analysis box plot for
certain tumors where normal controls were missing, which
helps to compare the expression levels of tumors and their
corresponding normal tissues using the data from TCGA and
GTEx. For GEPIA2-based expression analysis, the parameters
were set as follows: Log2FC cutoff = 1, p-value cutoff = 0.01,
jitter size = 0.4. Gene expression values were log-transformed

36940 | RSC Adv, 2025, 15, 36938-36968

/= using Cheminformatics

Elimination of unwanted
substructures

Molecular Dynamic
Simulation

Pharmacokinetics
&

Pharmacodynamics

using log2(TPM + 1) for visualization and statistical compar-
ison. It should be noted that TIMER2.0 and GEPIA2 rely on
different underlying datasets. TIMER2.0 is based on uniformly
reprocessed TCGA RNA-seq data,* whereas GEPIA2 integrates
RNA-seq data from both TCGA and GTEx processed through
a unified pipeline.*® Therefore, minor discrepancies in expres-
sion patterns across cancer types are expected between these
two platforms. Furthermore, to generate violin plots depicting
CDK2 expression patterns across pathological stages (I-IV) in
various tumor types, the “Expression Analysis-Stage Plot”
module was utilized, providing valuable insights into the role of
CDK2 in cancer progression.

Again, the UALCAN (https://ualcan.path.uab.edu/analysis-
prot.html) database,* based on the Clinical Proteomic Tumor
Analysis Consortium (CPTAC), was used to assess the CDK2
protein expression across multiple cancers.

2.2 Survival and prognostic analysis

To conduct Kaplan-Meier survival analysis of the overall
survival (OS) and disease-free survival (DFS) associated with
CDK2 expression across all TCGA tumors,** the GEPIA2 data-
base was used. High (red) and low (blue) expression cohorts
were defined based on the 50% median cutoff value. To analyze
the data statistically, we used the log-rank tests, and survival
plots were generated using GEPIA2's ‘Survival Analysis’ module.
The survival analysis is displayed with axis units in months in
‘X’ and the percentage in ‘Y, with 95% confidence interval
indicated by a dotted line.

2.3 Genetic alteration profiling

For Cancer Genomics, cBioPortal (https://cbioportal.org) is an
interactive web platform designed for the exploration,

© 2025 The Author(s). Published by the Royal Society of Chemistry
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visualization, and analysis of multidimensional cancer
genomics data.”> In this study, the genetic alteration profiles
of CDK2 were examined using the public database, cBioPortal.
The TCGA Pan Cancer Atlas studies were conducted using the
‘query by Gene’ module in the quick search subsection, which
includes 32 tumor types with a total of 10957 patients' data
comparison. The variant data, copy number
alteration, and mutation types of CDK2 across all TCGA
tumors were illustrated as ‘Cancer Type Summary’. The
“Mutations” module was utilized to generate a schematic
diagram depicting the mutated site of CDK2.

survival

2.4 Immune cell infiltration analysis

The associations between CDK2 expression and tumor-
infiltrating immune cells were analyzed via the ‘Immune-
Gene’ module of TIMER 2.0. To calculate the immune cell
infiltration specifically, the T follicular helper cells (TFH) and
cancer-associated fibroblasts (CAFs) were calculated using six
deconvolution algorithms, including MCPCOUNTER, CIBER-
SORT, TIDE, XCELL, EPIC, and CIBERSORT-ABS. Spearman's
rank correlation analysis, adjusted for tumor purity, was con-
ducted to estimate both the p-values and partial correlation
coefficients, and the results are displayed as scatter plots and
heatmaps.

2.5 Co-expression and functional enrichment analysis

We employed the STRING database® to systematically investi-
gate the protein—protein interaction network of human CDK2.
The analysis was performed by querying “CDK2” as the target
protein with the organism specified as Homo sapiens. To ensure
biologically relevant interactions, we configured the database
parameters to display only experimentally validated interac-
tions with an evidence-based network edge setting. The
minimum required interaction score was maintained at 0.150
(low confidence threshold) to capture potential interactions
while maintaining reliability. The analysis was limited to no
more than 50 interactors in the first shell to focus on the most
immediate interaction partners. The resulting interaction data
were then imported into Cytoscape** for advanced network
visualization and further topological analysis, enabling
comprehensive examination of CDK2's protein interaction
landscape. Venn diagram analysis was conducted using Jvenn
to identify intersecting genes from STRING and GEPIA2. The
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analysis was performed using the
DAVID database.*

2.6 Natural-plant-derived phytocompound library
preparation

To identify potential CDK2 inhibitors, we sourced the data from
the IMPPAT 3.0 database.”® The traditionally used medicinal
plants were selected as a source of phytocompounds. Data on
700 available phytocompounds were downloaded from the
database for the different parts (roots, leaves and seeds) of these
medicinal plants to create a compound library.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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2.7 Machine learning (ML) application to predict bioactivity
(PICso)

The ICs, value is a critical measure of a drug's effectiveness,
indicating the concentration required to inhibit a biological
target by 50%.%® Accurately predicting ICs, values allows
researchers to assess a compound's potential effectiveness early
in the drug-discovery process. Numerous studies conducted
over the years have refined several methods, thus enabling the
prioritization of the most promising drug candidates.*”*® Thus,
this study utilized machine learning methods to predict the
bioactivities of filtered compounds against CDK2.

2.7.1 Dataset preparation and curation. To build a reliable
dataset for analysis, we used bioactivity data and chemical
structures from the ChEMBL database, a well-known resource
for quantitative structure-activity relationship (QSAR) research.
Specifically, we selected the CHEMBL301 dataset, which
includes data on CDK2 inhibitors. Our objective was to create
a regression model focused on CDK2 inhibitors; thus, we
carefully curated the dataset by including only compounds with
available IC;5, values. The final dataset consisted of 9307
compounds that demonstrated activity against the target
protein in laboratory settings. This meticulous filtering process
resulted in a refined dataset of active inhibitors that laid the
groundwork for further analyses.

2.7.2 Generation of molecular descriptors. Molecular
descriptors are crucial in QSAR modeling as they capture the
structural and physicochemical characteristics of compounds,
enabling the identification of patterns. To gather this infor-
mation, we employed PaDEL software to generate PubChem
fingerprints for each compound, producing 881 molecular
descriptors per compound. These descriptors provided an in-
depth representation of the compounds’ structural properties,
which were vital for constructing predictive models aimed at
estimating bioactivity.

2.7.3 Data partitioning. To enhance the robustness and
generalizability of our model, we split the dataset into two
subsets: a training set and a testing set. The training set,
comprising 80% of the data, was used to train the model, while
the remaining 20% was set aside for testing its performance. This
partitioning approach minimizes overfitting and ensures that the
model can make accurate predictions on new, unseen data.

2.7.4 Model selection, feature optimization, and evalua-
tion. For predictive modeling, we chose LightGBM Regression,
a highly efficient machine learning algorithm known for its
accuracy, speed, and interpretability. To optimize the model's
performance, we employed Recursive Feature Elimination
(RFE), a technique that eliminates less important features,
thereby reducing noise and improving interpretability. Addi-
tionally, we performed hyperparameter tuning using Grid
Search in combination with 10-fold cross-validation. The key
hyperparameters tuned included “num_leaves,” “learnin-
g_rate,” “n_estimators,” “max_depth,” and “feature_fraction”.*

We evaluated the model's predictive performance using several
common metrics: Mean Absolute Error (MAE), Mean Squared
Error (MSE), Root Mean Squared Error (RMSE), and R-squared (R?).
These metrics were computed using the following formulas:

RSC Adv, 2025, 15, 36938-36968 | 36941
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Mean Absolute Error (MAE):

% Zb’i =il

i=1

Mean Squared Error (MSE):
1 n

R-squared (R%):

Here, y; represents the observed ICs, values, y; denotes the
predicted values, and y is the mean of the observed values.

2.7.5 Application of the model for bioactivity prediction.
After training and optimizing the LightGBM model, it was
employed to predict the ICs, and pICs, values of the filtered
compounds targeting CDK2. The compounds with the highest
predicted pICs, values, indicating greater potency, were iden-
tified as the most promising candidates for further exploration.
These compounds were then subjected to molecular docking
simulations to assess their binding affinities and interactions
with the CDK2 protein target.

2.8 Target protein retrieval and preparation

The crystallographic structure of the target protein was
retrieved from the RCSB protein database using the accession
ID: 6GUE.*”® Then, the protein structure was prepared by
removing existing heteroatoms, ligands, and water molecules
from the crystallographic structure using BIOVIA Discovery
Studio 2021.°* Finally, the energy was minimized using Swiss-
PDB Viewer (spdbv) version 4.1.0.>> Fig. 2 depicts the 3D struc-
ture and active site of the target protein (6GUE).

2.9 Molecular docking study

In CADD, molecular docking is a significant technique for lead
optimization and identification, used to predict the potential
interactions between two molecules, such as a protein and
a ligand.® In this study, molecular docking was performed
using the AutoDock Vina tools.” The binding site/pocket (Fig. 2)
for the PDB structure was identified using the BIOVIA Discovery
Studio 2021°* to create a receptor grid box with dimensions of X
= —7.1531, Y = —23.0788, and Z = 22.6518 to calculate a phy-
tocompound's binding affinity. Finally, we observed the ligand
interaction with the target receptor through PyMOL and BIOVIA
Discovery Studio 2021.>
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Fig. 2 The 3D-crystal structure of the 6GUE protein bound to the
experimentally available ligand (FB8), with the active site highlighted
(red spherical region).

2.10 Molecular dynamics simulation

Molecular dynamics is the study of the dynamic behavior of
protein-ligand complexes in a simulated physiological envi-
ronment.”® Molecular dynamics simulations of the protein-
ligand complex were performed with Desmond v2020-4
(Schrodinger, Academic) on Linux using the OPLS3e force
field and the SPC (simple point charge) water model in an
orthorhombic periodic box, providing a solvent buffer of 10 A
minimum on all sides. The systems were first neutralized with
counterions to remove any net charge, and then Na" and CI~
were added to achieve a 0.15 M ionic strength to emulate
physiological conditions. Following system building, energy
minimization was conducted to remove steric clashes, after
which a restrained NVT heating phase at 300 K was applied,
followed by NPT equilibration at 300 K and 1 atm to relax
density and pressure. Long-range electrostatics were treated
with PME, the bonds to hydrogens were constrained, and a 2-fs
time step was used. Production simulations were run in the NPT
ensemble at 300 K and 1 atm for 100 ns, saving 5000 frames per
trajectory. Unless otherwise noted, three independent replicates
with distinct initial velocity seeds were performed, and the
results are reported as mean + SEM across replicates, with any
single-trajectory case explicitly indicated. The choice of OPLS3e
reflects its extended coverage and improved torsional and
electrostatic parameters for drug-like ligands, alongside robust
biomolecular parameters, making it well-suited for protein-
ligand simulations in this workflow.

The stability and flexibility of the P-L system were then
studied from the plots of the RMSD, RMSF, SASA, RoG, H-Bonds,
DCCM, and PCA calculation from the trajectories analysis.

2.10.1 Root mean square deviation (RMSD) analysis. The
PL complex stability can be predicted using RMSD calculations.
The RMSD results were plotted using the following statistical
equations:

RMSD — \/%Z (ri(t) =7 (1))’

i=1

where N = the selected atom number, t..; = the reference time,
t, = the length of the recording intervals, and r = the location of

© 2025 The Author(s). Published by the Royal Society of Chemistry
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the particular atom in frame x after alignment with the refer-
ence frame.

2.10.2 Root mean square fluctuation (RMSF) analysis.
RMSF measures the local conformational change within the
residues of the protein structure. The RMSF value of a protein
can be calculated using the given equation.

n
RMSF = \/;Z (1) = ¥, (1))’
t=1
where T = the calculated time from each trajectory.

2.10.3 Free energy landscape (FEL) & principal component
analysis (PCA). Principal Component Analysis (PCA) was per-
formed to reduce the dimensionality of the molecular dynamics
(MD) data and identify dominant motions by extracting prin-
cipal components (PCs), which represent the directions of
maximum atomic displacement. The simulation trajectories,
originally in the GROMACS format (.xtc), were analyzed using
the R environment®® and the Bio3D package (version 2.3.0)* to
compute the principal components.

To further explore the conformational landscape, Free
Energy Landscapes (FEL) were constructed using the structural
parameters: Root Mean Square Deviation (RMSD) and Radius of
Gyration (Ry). The Geo-measure® plugin in PyMOL, operated
within the Conda environment on a Linux OS, was utilized to
generate 3D FEL plots. This approach facilitates the prediction
of joint probability distributions in three-dimensional space,
providing insights into the stability and structural transitions of
the system.>

2.11 MM-GBSA calculation

Finally, the protein-ligand (PL) binding free energy for each
snapshot was calculated using the gmx_MMPBSA tool with the
help of Gromacs trajectories, which were converted from the
Desmond trajectories. To explore the biophysical underpin-
nings of PL interactions, the Molecular Mechanics-Generalized
Born Surface Area (MM-GBSA) approach was employed for the
top-ranked three ligands and a standard compound. MM-GBSA
calculations were utilized to estimate the binding affinities of
the PL complexes.

The following equation was utilized for the binding free
energy (AGping) calculation:*

AGyping = (GpL) — (Gp) — (GL)

where AGping represents the binding free energy, (Gpr) denotes
the average free energy of the PL complex, (Gp) denotes the free
energy of the free protein, and (G) denotes the free energy of
the free ligand.

AGyping can be expressed as follows:

AGping = AEvm + AGsory — TAS

where AEy represents the gas-phase molecular mechanics
energy (including electrostatic interactions and van der Waals),
AGsory is the solvation free energy change, and TAS denotes the
entropic contribution. The polar solvation energy was calcu-
lated using a linearized Poisson-Boltzmann model, while the
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nonpolar contribution was estimated using a SASA-based
approach.®

2.12 Pharmacokinetics and drug-likeness analysis

In drug discovery, pharmacokinetics (PK) plays a crucial role not
only in filtering ligands from a large compound library but also
in ensuring the safety of those compounds.®* Primarily, Lip-
inski's Rule of Five (RO5)® is used to identify estimated lead
compounds by excluding redundant phytochemicals. Lipinski's
Rule of Five states that a compound is more likely to be orally
active if it has no more than 5 HBD (hydrogen-bond donors), 10
HBA (hydrogen-bond acceptors), a molecular weight (MW)
under 500 Da, and a log P less than 5. Therefore, the phyto-
chemicals that accept RO5 are considered for further testing.
The drug-like characteristics of the small molecules were
assessed using the SwissADME web tool (https:/
www.swissadme.ch/), which evaluates key drug-like features,
such as adherence to Lipinski's rule of five, water solubility
(log S), gastrointestinal (GI) absorption, and blood-brain
barrier (BBB) permeability—critical factors in rational drug
design.®*** In addition, pkCSM,* another online predictive tool,
was used to evaluate important graph-based PK parameters,
including human intestinal absorption, volume of distribution,
and total clearance (excretion).

2.12.1 Toxicity analysis. Finally, the toxicity of small
molecules is an important indicator in drug development, as
they may have harmful effects on human organs, including
hepatotoxicity, immunotoxicity, mutagenicity, carcinogenicity,
and cytotoxicity. To predict these toxicological risks, the ProTox-
III platform (https://tox.charite.de/) was employed to analyze
the safety profiles of the selected compounds.®® ProTox-III,
pKCSM, and SwissADME utilize QSAR-based models devel-
oped from existing experimental datasets. Therefore, the accu-
racy and reliability of their predictions can be constrained by
adjusting the quality and chemical diversity of the training data.

2.13 Pharmacodynamic property analysis

2.13.1 SMILE-based 2D-QSAR prediction. The ChemDes
(https://www.scbdd.com/chemdes/) website provides the
necessary datasets to calculate a variety of molecular
descriptors by accessing the ChEMBL database, such as chivs,
bcutm1, MRVSA9, MRVSA6, PEOEVSA5, GATSv4, ], and
diametert.””** We created an Excel sheet with a standard
equation known as the multiple linear regression (MLR) to
calculate the pICs, for the selected compounds. The following
equation was taken from an earlier study® for the pICs,
calculation:

pICsq (activity) = —2.768483965 + 0.133928895 x (Chiv5)
+ 1.59986423 x (bcutml)
+ (—0.02309681) x (MRVSA9)
+ (—0.002946101) x (MRVSA®G)
+ (0.00671218) x (PEOEVSAS)
+(—0.15963415) x (GATSv4)
+ (0.207949857) x (J)
+ (0.082568569) x (diameter)
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Fig.3 Comparative expression profiling of the CDK2 gene in various cancers and their pathological phases. (a) Boxplot showing the CDK2 mRNA
expression (log2 TPM) across various tumor types compared to their matched normal tissues using TIMER2.0. Red boxes indicate tumor tissues
and blue boxes indicate normal tissues. Statistically significant differences are marked as *P < 0.05, **P < 0.01, and ***P < 0.001. (b) GEPIA2-
based validation highlights the significant CDK2 overexpression levels in DLBC, LAML, LGG, PAAD, SKCM, TGCT, and THYM, where TIMER lacks
normal tissue data. For SKCM, the tumor tissue data were compared with the metastatic sample data, as normal tissue data were unavailable. (c)
Pathological stage analysis using GEPIA2 shows a significant association between CDK2 expression and tumor stage in ACC, KICH, LIHC, LUAD,

OV, and PAAD (*p < 0.05).
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3. Results

3.1 Transcriptomics and proteomics expression analysis

The expression profiling of the cyclin-dependent kinase-2 or
CDK2 was analyzed across different types of cancers using the
TIMER2.0 database; the gene expression profiles are illustrated
in Fig. 3a. CDK2 is significantly overexpressed in several tumor
types compared to the expression levels in the respective normal
tissues; the most significant overexpression in different tumor
types is shown in Fig. 3a with three stars (***). In cervical
squamous cell carcinoma (CESC), the CDK2 expression was
significantly higher in tumors than in normal tissues (log2FC =
1.246, adjP < 0.001), indicating a ~2.4-fold increase, whereas
UCEC exhibited a smaller but statistically significant elevation
(P <0.05). The exact p-values for all cancer types are provided in
Table S9.

Among the cancer types, we found seven that were not
covered by TIMER2.0 for normal comparison; seven tumors
showed statistically significant differences in CDK2 expression
between tumor and normal tissues (Fig. 3b). To ensure trans-
parency, the boxplots of the CDK2 expression across all tumor
types generated by GEPIA2 are provided in SI file 2 [Fig. S4(A-
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Protein expression of CDK2 in Clear cell RCC

View Article Online

RSC Advances

C)]. We further explored the relationship between the CDK2
expression and tumor progression using the module named
“Pathological Stage Plot” within the GEPIA2 web tools. The
analysis revealed a significant correlation between the CDK2
expression levels and the tumor stage (P < 0.05) in several cancer
types. These include ACC, KICH, LIHC, LUAD, OV, and PAAD
(Fig. 3c). While TIMER2.0 and GEPIA2 generally showed
consistent overexpression of CDK2 across multiple tumor types,
minor differences were observed in certain cancers. This vari-
ation likely arises from the differences in the underlying data-
sets (TCGA-only in TIMER vs. TCGA + GTEx in GEPIA2).
Additionally, to explore the CDK2 expression at the protein
level, we analyzed its proteomic profiles using the UALCAN
database. The results revealed that the CDK2 protein expression
was significantly higher in tumor tissues compared to their
normal-tissue counterparts across eight cancer types. These
included Clear cell renal cell carcinoma (ccRCC), Clear cell renal
cell carcinoma (extended) (ccRCC-ext), Colon cancer (COAD),
Glioblastoma multiforme (GBM), Head and neck squamous
carcinoma (HNSC), Liver hepatocellular carcinoma (LIHC),
Lung adenocarcinoma (LUAD), Lung squamous cell carcinoma
(LUSC), and Pancreatic adenocarcinoma (PAAD) (Fig. 4).
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Fig. 4 CDK2 protein expression in hormal (blue) and tumor (red) tissues across multiple cancer types. Using the UALCAN database, the CDK2
protein levels were found to be significantly higher in tumor tissues compared to their normal tissue counterparts in ccRCC, ccRCC-ext, COAD,

GBM, HNSC, LIHC, LUAD, LUSC, and PAAD.
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3.2 Prognostic and survival study

To explore the prognostic value of the CDK2 expression, we
classified patients into high and low expression groups and
assessed their disease-free survival (DFS) and overall survival
(OS). As shown in Fig. 5, a high CDK2 expression correlated with
poor survival in several cancers (ACC, KIRP, LGG, LIHC, MESO,
PAAD, SKCM), while UVM and READ showed the opposite
trend, suggesting tissue-specific prognostic roles. Interestingly,
Li et al. (2001) reported that reduced CDK2 expression was
correlated with poor prognosis in colorectal carcinoma, which
stands in contrast to our general finding of high CDK2 = poor
survival, further supporting tissue-specific prognostic roles.*
For disease-free survival (DFS), a similar trend was observed in
cancers, such as ACC, LGG, LIHC, and PAAD, where patients
with a high CDK2 expression had shorter relapse-free periods.
These findings suggest that elevated CDK2 levels may serve as
a marker of poor prognosis in multiple tumor types.

3.3 Gene alteration analysis

The gene alteration summary (Fig. 6a) demonstrated that CDK2
alterations across TCGA cohorts were dominated by mutations
and copy number amplifications, whereas deep deletions and
multiple alterations were comparatively rare. In Endometrial

a) Overall Survival
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Overall Survival Overall Survival
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Cancer, CDK2 showed the highest alteration frequency (slightly
above 4%), with both “mutations” and “amplifications”
observed, reflecting its diverse genomic changes in this cancer
type. In contrast, in CHOL, all detected alterations were
“mutations,” with a total alteration frequency of almost 3%,
suggesting a more mutation-specific alteration pattern for
CDK2 in this cancer. Other cancer types, such as Ovarian
Epithelial Tumor, Esophagogastric Cancer, and Sarcoma, also
exhibited moderate alteration frequencies ranging between 2%
and 3%. Additionally, cancers such as adrenocortical carci-
noma, leukemia, mature B-cell neoplasm, hepatobiliary cancer,
non-small cell lung cancer, and glioma displayed predominant
amplification events. These findings imply that CDK2 copy
number gains may play a key role in tumor progression within
these cancer types (Fig. 6a).

The various types, positions, and frequencies of genetic
alterations in CDK2 are illustrated in Fig. 6b. CDK2 mutations
display clear tissue-specific patterns across different cancer
types. Missense mutations, such as R265L, D68N, and R247H,
are predominantly found in endometrial (UCEC) and ovarian
cancers, suggesting the potential role of CDK2 in female
reproductive tumors. In contrast, truncating mutations, like
E51 and W291, are mainly observed in lung squamous cell
carcinoma (LUSC) and esophageal adenocarcinoma, indicating

g‘U(HR)
[ [ H -
O LN A FNH &> M
CFTE TS

Overall Survival

10

— Low Caz Group.
= High Cakz Group
Loge o7

— Lowcarz Group 2
= High Cak Group.
Logrank p=5 de-05
HR(Migh)=55
HR)=0 0002

08
08

»
»
o
3
2
1
1

nlhigh)= 256
nllow)=38 Allow)=14 nllow=256

06
06

04
04
04

Percent survival
06
F—
Percent survival

Percent survival

— Low Caka Grou
—— High G2 Groug
Lograr

nllow)=89

Percent survival
Percent survival

“lacc KIRP ~Lee . .
Months Months Months. Months Months. Months
Overall Survival Overall Survival
: 1 ) : g
5 5 ™ 5
- - PUHE 042 . o 15
K nihigh)=229. T nihigh)=39
§s
& &
i i _luvm
R o w  w  w o om0 w ow
Months Months Months
b) Disease Free Survival log10(HR)
ENSG00000123374.10 |:| . I:l:l I:I 03
(CDK2) 00
O X FE I PEFXFNERLRYELLLEL DS OO OO .
FFE LTS SEFEEEFTIITFFE O E LGS

Disease Free Survival
— Low Cakz Group.
~— High Cakz Group.
Logrank p=0.00034
HR(high}=3.5 o |
P(HR)=0.00071 s
n(high)=38

Disease Free Survival

5 — Low Cdk2 Group.
~— Figh Cdk2 Group

Percent survival

Percent survival
04

o 50 100 150 0 50 100 150
Months Months

Percent survival

10

z
i
23

08

n(high)=182
nilow)=182

Percent survival
04 o8

02

|LIHC .
L T
Months

00 120 0 20 40 60 80
Months

Fig.5 CDK2 expression and patient survival across cancer types. (a) Overall survival (OS) and (b) disease-free survival (DFS) analyses across TCGA

cohorts comparing high and low CDK2 expression groups.

36946 | RSC Adv, 2025, 15, 36938-36968

© 2025 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ra05535k

Open Access Article. Published on 06 October 2025. Downloaded on 12/7/2025 2:02:35 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper

4%
3%

2%

Alteration Frequency

View Article Online

RSC Advances

@ wutation @ Ampiification

@ Deep Deletion @ Multiple Alterations

Structwralvariantdata, * #* * * * * + * # * + + F+ + + + * F *+ F+ F *+ F * F ¥+
Mutaticndata &% % % % % % % & & % + & + &+ + &+ + + + + + + & + + + + + + +
CNAdata & % &% & & & & & & & & & & & &+ & & & + + + & & % # # + + + &
1 TR I T T Y " ey
%:a”% ”’%4\%%%%3 s % %o”%s 4, ﬁ/"% %%%{”% a‘“@@%%@%@%%%%%’o% %’4/%?%6%‘%%’ /&’%é'%%
,, 2, S % B, B, % %, a 5 2,
O N NN A A A A N AR N AL I R NG
QA %% T RN B e R%Y% A a %
W Y % R &%%& <, > £ Q fa) "Q, 5, ¢, %, U
%, ° % "’4% %, > bo i ", o B Ty Vg %
5. K s %, % Y, %%
8 % 2
T 2
% %, i
c3 Driver vus
Missense (0] &
b Truncating (0] (6 ]
Inframe (0] (0]
5 Splice (0]
Fusion O
@ X163_splice/V163M
g
8_ ° °
**
L1 N *® L ] L ] L ] 3 L BN } a L ] L 1) ® | ] L ] L] L ] [ BN L ] o000 6 L ]
0
Pkinase
0 100 200 300 3462a
Exon EHEEEE EEESSE N a0

Fig. 6 Genetic alteration analysis of CDK2 using cBioPortal. (a) Frequency and types of CDK2 alterations across TCGA cancer types. (b) Genomic

locations and classification of CDK2 mutations.

a different mode of gene disruption. Notably, rare splice-site
alterations (X163_splice) are detected in aggressive cancers,
like glioblastoma (GBM), while CDK2 gene fusions (CDK2-
ERBB3 and CDK2-PAN2) appear to be unique to sarcomas.
Functional predictions highlight mutations like G13D in UCEC
and P155H in serous endometrial cancer as having potentially
high impact, possibly contributing to tumor development.
Overall, this diverse mutation landscape underlines CDK2's
dual role as both a broadly involved (pan-cancer) and tissue-
specific cancer gene. Detailed mutation data are provided in
Table S1.

3.4 Immune infiltration data analysis

We investigated the association between CDK2 gene expression
and immune cell infiltration across multiple cancer types using
data from TCGA. As demonstrated in Fig. 7a, a positive corre-
lation between CDK2 expression and T follicular helper cell
(Tth) infiltration was observed in LUSC, COAD, HNSC, LIHC,
OV, STAD and THYM, whereas only one negative correlation
was observed in UVM. In addition, we investigated the rela-
tionship between CDK2 expression and cancer-associated
fibroblast (CAF) infiltration, as illustrated in Fig. 7b. Our

© 2025 The Author(s). Published by the Royal Society of Chemistry

analysis revealed a positive correlation exclusively in LGG, with
no significant negative correlations observed in any cancer type.

3.5 Enrichment analysis of CDK2-related genes

To investigate the role of CDK2 in tumorigenesis, we first
identified its protein-protein interaction network. Using
STRING, we identified 50 proteins that interact with CDK2
(Fig. 8A, Cytoscape visualization). Next, we analyzed TCGA
tumor expression data via GEPIA2 to pinpoint the top 100 genes
co-expressed with CDK2 (Table S2). Comparative analysis of
these two datasets revealed no shared elements (Fig. 8B). We
performed a combined GO and KEGG pathway enrichment
analysis integrating both datasets (Table S3). The enrichment
analysis of CDK2 and its associated genes demonstrated its
significant involvement (P = 0.05) in multiple cancer-related
and regulatory pathways. KEGG pathway analysis revealed its
enrichment not only in the canonical cell cycle pathway but also
in cellular senescence, p53 signaling, and oncogenic signaling
pathways: prostate cancer, small cell lung cancer, viral carci-
nogenesis, and infection-driven pathways (including HPV,
HTLV-1, and Epstein-Barr virus). Biological process enrichment
indicated CDK2's central role in G1/S transition, cell division,

RSC Adv, 2025, 15, 36938-36968 | 36947
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and regulation of cyclin-dependent kinases, underscoring its
importance in cell cycle progression. Cellular component
analysis localized CDK2 within the nucleus, nucleoplasm,
cytosol, and as part of the cyclin-dependent protein kinase
holoenzyme complex, while molecular function analysis high-
lighted its activity as a cyclin-dependent serine/threonine
kinase with ubiquitin protein ligase binding capacity. Collec-
tively, these findings reaffirm CDK2 as a critical regulator of cell
cycle progression while simultaneously emphasizing its broader
impact on oncogenesis and virus-associated signaling
pathways.

3.6 Filtering of duplicate compounds and ligand-library
preparation

First, we selected traditionally used natural medicinal plants,
including Aloe vera, Artemisia indica, Asparagus racemosus, Peti-
veria alliacea, Anacardium occidentale, and Withania
somnifera,”*” as the source of natural inhibitors. Then, we
found and extracted approximately 764 phytocompounds from
the IMPPAT database for the different parts of these plants.
After that, we reduced the data volume to 467 (Table S4) on the
basis of duplicate entries and structural unavailability in data-
base records for further machine learning-based screening.

3.7 Screening through a machine learning (ML) approach

3.7.1 Bioactivity prediction (pICs,) using ML. Among the
diverse machine learning techniques, LightGBM regression has
emerged as a standout ensemble learning method widely
recognized for its high accuracy, efficiency, and ability to handle
large-scale datasets. Its popularity stems from its ability to
construct robust predictive models by utilizing gradient-based
decision trees, incorporating histogram-based optimization,
and employing leaf-wise tree growth, which enhances both
speed and model performance,”® and it has previously been
successfully applied in a study in the field of drug discovery.”” In
this study, we leveraged LightGBM regression to predict the
bioactivity (pICs,) of compounds targeting a specific biological
pathway.

3.7.2 Model training and hyperparameter optimization.
The model training process involved the curated dataset, which
included 9307 compounds with known ICs, values. During
training, several hyperparameters were carefully fine-tuned to
optimize the model's performance. These key hyperparameters
included n_estimators, max_depth, learning rate, subsample,
reg_alpha, reg_lambda, gamma, and colsample_bytree. Each of
these parameters was adjusted systematically to improve the
model's predictive accuracy and generalization capability. This
fine-tuning process aimed to strike a balance between the
model's complexity and precision, ensuring reliable predictions
while maintaining simplicity and preventing overfitting.

3.7.3 Model-performance evaluation. To evaluate the
trained model's effectiveness, we used several well-established
metrics: Mean Absolute Error (MAE), Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), and R-squared (R?).
These metrics offered a comprehensive assessment of how well
the model's predictions aligned with the actual experimental

© 2025 The Author(s). Published by the Royal Society of Chemistry
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data. Specifically, the MAE measures the average absolute
difference between predicted and observed values, while the
MSE calculates the average squared differences, emphasizing
larger deviations. The RMSE, derived from the MSE, presents
prediction errors in the original units of the dependent variable,
providing a more intuitive understanding of the model's accu-
racy. Lastly, the R> metric evaluates the proportion of variance
in the target variable explained by the model, with higher values
indicating a better fit.

The model demonstrated impressive performance, with
MAE, MSE, RMSE, and R? values of 0.372, 0.385, 0.529, and
0.854, respectively, as shown in Fig. S1. These results suggest
that the model is highly accurate, as reflected by its low error
rates and substantial explanatory power.

3.7.4 Application to compound screening. After validating
the model, it was applied to a dataset of 467 filtered compounds
to predict their pICs, values. Among these, 322 compounds had
predicted pICs, values exceeding 5.1, indicating good potency
against the biological target, as presented in Table S5. These
results underline the utility of the model in identifying prom-
ising candidates for further studies, such as molecular docking
simulations or experimental validation, to confirm their
potential as drug candidates.

3.8 Molecular docking and Re-docking analysis

A comprehensive molecular docking study was conducted to
assess the binding affinity and interaction mechanisms
between the target protein and selected phytocompounds ob-
tained from the above-mentioned medicinal plants. In this
study, 3 out of 322 compounds, i.e., withanolide M, ergosterol,
and withanolide K, demonstrated the highest binding affinities
(AG) towards the receptor protein 6GUE, with —10.2, —10.1, and
—9.9 kecal mol ™" values, respectively (Table 1), while the exper-
imental control_ligand (FB8) showed a binding energy of
—9.0 kecal mol ™, indicating the better affinity of our lead
compounds. Additionally, compounds with binding energies
more negative than —7 kcal mol™' were considered highly
potent.®*”®” In addition, the binding energies (AG) of all the
docked compounds are shown in Table S6. Furthermore, we
validated the binding strength of our selected compounds and
compared them with other CDK2's homology protein structures
(such as CDK1, CDK4, CDK5 and CDK6) using the docking
methodology. The results revealed that our selected compounds
are also potent against these CDK proteins, with binding ener-
gies greater than —7.7 kcal mol™" towards all target proteins
(Table S8).

To validate the docking protocol, we performed re-docking
analysis of the target protein (PDB: 6GUE) with the co-crystal
ligand or native ligand of 6GUE, which is experimental inhib-
itor and reference compounds against this protein.** To
compare the positions of the experimental ligand and the
docked poses, we calculated the RMSD of the docking poses in
comparison to that of the co-crystal pose of the ligand (FBS). In
this study, the RMSD of the co-crystal ligand was calculated
(Fig. S2) for the best binding poses with their corresponding
protein, which afforded 1.1069 A. In structure-based drug

RSC Adv,, 2025, 15, 36938-36968 | 36949
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Table 1 Binding affinity (AG) scores of the top-ranked phytocompounds against CDK2

Compound ID Name of compounds

2D structure

Docking score (kcal mol ™)

IMPHY003143 Withanolide M
IMPHY012566 Ergosterol

IMPHY010667 Withanolide K
FBS Control_ligand

design and docking validation, a re-docking RMSD < 2.0 A
between the re-docked ligand and its crystallographic (co-
crystal) pose is generally considered a standard value, as it
indicates that the docking protocol can reliably reproduce
experimentally observed binding modes.

3.8.1 Interpretation of protein-ligand interaction analysis.
The interactions between the selected ligands and the receptor
protein were analyzed using the BIOVIA Discovery Studio
Visualizer tool. Fig. 9 and Table S7 represent the interactions of
the receptor proteins and the phytochemicals, along with the
types of interactions (such as hydrogen bond, hydrophobic
bonds, and van der Waals bonds) and the bond distance
between the amino acid residues of the receptor protein 6GUE
and the selected compounds (withanolide M, ergosterol, and
withanolide K) or the FB8/control. Fig. 9 illustrates that all the
compounds, as well as the control ligands, have some common
residues where they interact with the proteins through different
bonds. In Fig. 9A, withanolide M exhibits multiple interactions
with the target protein via conventional hydrogen bonds and

36950 | RSC Adv, 2025, 15, 36938-36968

—10.2

—10.1

-9.9

—9.0

alkyl interactions (Table S7). Additionally, an unfavorable
acceptor-acceptor interaction is observed at GLN A:131 (2.82 A).
The presence of strong hydrogen bonds suggests potential
stability in the ligand binding, while hydrophobic (alkyl and -
alkyl) interactions may contribute to enhanced affinity.
However, the unfavorable acceptor-acceptor bond at GLN A:131
may slightly affect the ligand's binding efficiency, although
a single such contact does not automatically invalidate a pose.
The impact of such a contact depends on distance/geometry,
surrounding dielectric effects, and water mediation, as well as
whether other favorable interactions (H-bonds, hydrophobics)
dominate the overall AG.** Notably, withanolide M also shared
common residues with the control ligand, including ALA A:144,
PHE A:80, VAL A:18, ALA A:31, LEU A:134, VAL A:64, and ILE
A:10, highlighting the conserved interaction hotspots. For the
compound ergosterol, one pi-sigma bond was found to form
only for the PHE A:80 (3.76 A) position, where pi-Alkyl and alkyl
bonds have predominantly formed (Fig. 9B). These residues
also overlap with the control ligand, again pointing to ALA

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 9 3D (left) and 2D (right) diagrams of the interaction of receptor protein (A) withanolide M (red), (B) ergosterol (blue), (C) withanolide K

(green), and (D) the control_ligand (Cyan).

A:144, PHE A:80, ALA A:31, LEU A:134, VAL A:64, and ILE A:10 as
crucial stabilizing contacts. In Fig. 9C, the interactions of the
compound withanolide K (IMPHY010667) are described,

© 2025 The Author(s). Published by the Royal Society of Chemistry

revealing conventional hydrogen bonds, pi-Alkyl and Alkyl
bonds (Table S7). Similar to the other ligands and the con-
trol_ligand, withanolide K exhibited common interactions at
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LEU A:134 and VAL A:18 position. Finally, the control ligand
(FBS) (Fig. 9D) displayed its own set of hydrogen and hydro-
phobic interactions with key residues of the receptor. Impor-
tantly, several of these residues overlapped with those identified
for the phytochemicals, further validating the consistency of
binding sites across both the natural ligands and the control.

3.9 MD simulation analysis

Molecular dynamics (MD) simulation can assess the stability of
protein-ligand complexes within a controlled and artificial
environment.*> In this study, a 100 ns MD simulation was
conducted to evaluate the conformational stability and steady-
state nature of the protein-ligand complexes. The simulation
was performed on the docked complex structure to examine its
stability over time. The results of MD simulation are described
based on the RMSF, RMSD, SASA, Rg, MM-GBSA, PCA, and FEL.
Standard deviations (SD) represent the extent of fluctuation in
each parameter, indicating the stability of the complexes during
the simulations. Therefore, the SD values for RMSD, RMSF,
SASA, RoG, and MM-GBSA are reported in Table 2 to illustrate
the variation and stability of each protein-ligand complex.

3.9.1 Root mean square deviation (RMSD). The RMSD
measures the structural stability and conformational change of
the docked complex,® where high deviation indicates low
stability and low RMSD indicates the stable performance of the
system. The average RMSD values of withanolide M (black),
withanolide K (green), and ergosterol (blue) with the receptor
protein 6GUE were 2.23, 2.30, and 1.75 A, respectively (Table 2),
and the control (red) system showed a RMSD of 2.03 A.
Conversely, the free or unbound 6GUE (cyan) showed a higher
RMSD (3.35 A) than the bonded 6GUE complex (Fig. 10a), sug-
gesting that our proposed compounds formed stable complexes
with 6GUE.

3.9.2 Root mean square fluctuation (RMSF). The RMSF
analysis was employed to assess the changes in the flexibility of
particular amino acid residues in the receptor protein upon
binding with the proposed phytocompounds (withanolide M,
withanolide K, ergosterol, and control_ligand). It helps to
calculate the degree of fluctuation of a particular atom based on
its mean position during the simulation period.*” The average
values of the RMSF of the free 6GUE and withanolide M complex
showed similar trends, while withanolide K (green color) and
control_ligand (red color) showed similar fluctuations
(Fig. 10b). Consequently, ergosterol (blue) showed an average
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RMSF value of 1.06 A, which is lower than that of the free
protein, suggesting that the protein is more stable in its binding
state with the ligands than in its free state.

3.9.3 Solvent-accessible surface area (SASA). The SASA
describes the protein macromolecule surface that can be con-
tacted by a solvent. It provides fundamental insights into how
ligands interact with protein macromolecules and how their
shapes change. In this study, all of our phytocompounds
(withanolide M, withanolide K, ergosterol) and control_ligand
showed relatively consistent and low SASAs (Fig. 11b) of 227.54,
191.25, 192.64, and 201.46 A% respectively, which are compar-
atively better than the free protein's SASA of 506.08 A% These
results provide a clear understanding of how the selected phy-
tocompounds bind to the target protein and form a stable
complex.

3.9.4 The radius of gyration (RoG). The radius of gyration
(RoG) serves as a key indicator of molecular compactness, where
a higher RoG corresponds to an extended or flexible confor-
mation, while a lower RoG reflects a more tightly packed
structure.® According to this study, ergosterol significantly
showed the minimum fluctuation in the RoG plots (3.75 A),
indicating a high compactness and structural stability of its
complex (Fig. 11a). Conversely, the RoG plots shows that the
withanolide M (4.77 A) and withanolide K (4.34 A) follow the
similar trend and remained same, and control_ligand showed
a fluctuation value (5.10 A) similar to theirs, suggesting an
extended, flexible conformation with greater RoG trajectory
variability (Fig. 11a).

3.9.5 Hydrogen bonding analysis. Hydrogen bonds play
a critical role in stabilizing ligand-protein interactions and
significantly influence drug specificity, metabolism, and
absorption.*>®* They help to calculate the molecular interaction,
strength, and stability between the ligand and protein. In
Fig. 12, the 6GUE_Withanolide K complex consistently exhibits
the highest and most sustained number of hydrogen bonds
between 2 and 1. Again, withanolide M and control_ligand
(black and red lines, respectively) showed irregular and few
hydrogen bonds, rarely exceeding one bond over the simulation
time, while ergosterol (blue line) did not form any H bonds
throughout the simulation. These results suggest that with-
anolide K forms the most stable hydrogen bonding interactions
with 6GUE, which may contribute to its enhanced binding
affinity and complex stability. In contrast, ergosterol showed
weaker hydrogen-bonding profiles.

Table 2 The average values with standard deviations (SD) of RMSD, RMSF, RoG, SASA, H-bonds, and MM-GBSA-based binding free energy (AG)

for all protein—-ligand complexes

MD simulation analysis

Compounds name RMSD (SD) (A) RMSF (SD) (A)

SASA (SD) (A% RoG (SD) (A) MM-GBSA (keal mol ™)

Apo (CDK2) 3.35 (0.622) 1.13 (0.641)
Withanolide M 2.23 (0.278) 1.15 (1.121)
Withanoline K 1.79 (0.199) 1.01 (0.630)
Ergosterol 2.30 (0.231) 1.06 (0.701)
Control_ligand 2.03 (0.203) 0.96 (0.581)

36952 | RSC Adv, 2025, 15, 36938-36968

506.08 (26.506) 7.43 (0.092) —

227.54 (40.951) 4.77 (0.044) —34.12 (3.792)
191.25 (26.635) 4.34 (0.044) —32.80 (4.617)
192.64 (33.223) 3.75 (0.034) —33.06 (3.569)
201.46 (29.868) 5.10 (0.167) —30.33 (4.392)

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig.10 Molecular dynamics simulation analysis of the (a) root mean square deviation (RMSD) and (b) root mean square fluctuation (RMSF), where
the unbound 6GUE is denoted by cyan color, the complex of 6GUE with native control ligand in red, complex of withanolide M in black,

withanolide K in green and ergosterol in blue.

3.10 MM-GBSA-based binding-energy analysis

The MM-GBSA binding free energies (BFEs) of withanolide M,
withanolide K, ergosterol and the co-crystallized control ligand
(FB8) against CDK2 (PDB ID: 6GUE) were analyzed over a 100 ns

© 2025 The Author(s). Published by the Royal Society of Chemistry

MD simulation (Fig. 13). Our findings demonstrate the
substantial binding affinities of the compounds, with AG values
reflecting the robust interactions between the potential ligands
and the target protein. The calculated average BFEs of
withanolide M, withanolide K, ergosterol and the co-crystallized
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Fig. 11 Molecular dynamics simulation analysis of the (a) radius of gyration and (b) solvent accessible surface area over time, where the unbound
6GUE is denoted by cyan color, the complex of 6GUE with native control ligand in red, complex of withanolide M in black, withanolide K in green

and ergosterol in blue.

control ligand (FBS) were —34.12, —32.80, —33.06, and
—30.33 kcal mol ', respectively. Generally, a high negative
binding energy represents a strong interaction at the protein-
ligand interface.®” Thus, the results signified that the phyto-
compounds withanolide M, withanolide K, and ergosterol have
higher negative energy compared to the control ligand.

36954 | RSC Adv, 2025, 15, 36938-36968

3.11 Principal component analysis

Principal component analysis (PCA) of backbone atoms was
used to compare the conformational sampling of the unbound
6GUE and its complexes with withanolide M (B), withanolide K
(C), ergosterol (D) and the known control ligand FBS (E). Rather

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 12 Graphical representation of the protein-ligand contacts using H-bond calculations, showing withanolide M (orange), ergosterol (green),

withanolide K (blue), and the control ligands (black).
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Fig. 13 MM-GBSA-based binding free energy calculation results of compounds withanolide M (orange), ergosterol (green), withanolide K (blue),

and the control ligands (black) from the MD trajectories for 100 ns.

than relying on the percentage explained by PC1 alone, we
evaluated the (i) variance explained by the top eigenvectors
(scree plots), (ii) 2D projections (PC1-PC2 and PC1-PC3) to
inspect cluster dispersion and overlap, and (iii) cluster

© 2025 The Author(s). Published by the Royal Society of Chemistry

compactness (per-frame dispersion/convex hull area). The
unbound protein (Fig. 14A) displays broad sampling across PCs,
consistent with an increased intrinsic flexibility. Withanolide M
(Fig. 14B) and ergosterol (Fig. 14D) both show relatively large

RSC Adv, 2025, 15, 36938-36968 | 36955
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Fig. 14 Principal Component Analysis (PCA) plots showing the dynamic behavior of the free unbound protein 6GUE (A) and three protein-ligand
complexes: (B) 6GUE-withanolide M, (C) 6GUE-withanolide K, and (D) 6GUE-ergosterol, along with a known control ligand (E). Color mapping
further clarified the fluctuation pattern across structures, with the red regions representing the least dynamic fluctuations (stable region), the
white zones indicating moderate movements, and the blue areas highlighting the highest conformational change (dynamic region).

PC1 contributions, indicating dominant collective motions; contrast, withanolide K (Fig. 14C) exhibits a compact and tightly
however, their PC projections reveal broader sampling along clustered distribution in the PC projections with a smaller per-
PC1 (larger dispersion) rather than tight confinement. In frame dispersion, indicating more restricted conformational
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sampling while bound. The control ligand (Fig. 14E) shows
intermediate behavior. Taken together with RMSD and RMSF
analyses, the integrated picture is that withanolide K imposes
the greatest conformational constraint on 6GUE (ie., most
limited backbone sampling), whereas withanolide M and
ergosterol induce large-scale motions (greater sampling along
dominant modes). We, therefore, avoid equating high PC1%
with increased stability or flexibility in isolation; instead, our
conclusions are based on the combined evidence from PCA
clustering and other parameters obtained from the MD data.

3.12 Dynamic cross-correlation matrix analysis

To further explore the dynamic behavior and correlated atomic
motions, a Dynamic Cross-Correlation Matrix (DCCM) analysis
was performed for the unbound protein and its ligand-bound
complexes. The correlation coefficients range from —1 (anti-
correlated motion, magenta) to +1 (correlated motion, cyan),
with white regions representing uncorrelated motions.*® The
unbound 6GUE (Fig. 15A) showed moderately correlated
motions predominantly along the diagonal, indicating internal
residue-residue coherence in the localized regions. Upon
ligand binding, substantial variations in dynamic correlations
were observed. The withanolide M (Fig. 15B) and withanolide K
(Fig. 15C) complexes showed enhanced correlated motions
(cyan) among distant residue clusters. This suggests that these
ligands promote a more organized, concerted movement across
the protein, which can contribute to their overall stability and

f“! A Residue Cross Correlation /E

D Residue Cross Correlation
y
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potentially enhance their binding affinity. However, the
ergosterol-bound system (Fig. 15D) displays pronounced anti-
correlated motions (magenta) among different protein
domains. This pattern suggests that ergosterol binding causes
conformational switching, where one part of the protein moves
in the opposite direction to another. This is not a simple
stabilization but rather a ligand-triggered change in the
protein’s overall dynamics. The control ligand (Fig. 15E) shows
scattered but weak cross-correlations, suggesting a less orga-
nized dynamic behavior compared to the observations for the
other complexes. Overall, the DCCM analysis shows that
withanolide M and withanolide K promote concerted, organized
motions, while ergosterol induces a significant conformational
switch. This detailed analysis reveals distinct mechanisms of
action for each ligand, which were not captured in the initial
interpretation.

3.13 Gibbs free energy landscape (FEL) analysis

To understand the conformational behavior and thermody-
namic stability of a protein (6GUE) and protein-ligand complex
(withanolide M, withanolide K, ergosterol, and the control
ligand), the free energy landscape (FEL) analysis was conducted
using the MD trajectories (Fig. 16). In this study, FEL plots were
constructed using the RMSD (root mean square deviation) and
RoG (radius of gyration) as reaction coordinates, capturing the
conformational dynamics and thermodynamic stability of each
system.
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The unbound 6GUE system (Fig. 16A) showed a wide,
shallow energy basin (deep blue), indicating a more flexible but
less thermodynamically stable conformation compared to those
of the ligand-bound forms. In comparison, the complexes of
withanolide M (Fig. 16B) and the control ligand (Fig. 15E) both
exhibit deep, well-defined energy basins. The deep blue region
is concentrated and narrow, suggesting that these ligands
constrain the protein to a few, thermodynamically favorable
conformations. This indicates that these ligands induce a more
rigid and stable structure. The withanolide K complex (Fig. 16C)
shows a wider, slightly higher basin compared to the with-
anolide M and control systems. Conversely, the ergosterol
complex (Fig. 16D) shows a broad, multi-basin landscape with
several shallow minima. This indicates that ergosterol binding
allows the protein to transition between multiple low-energy
states, consistent with the conformational switching observed
in the DCCM analysis.

3.14 Pharmacokinetics analysis

3.14.1 ADME profiling of the selected phytocompounds.
The drug-like properties of the selected compounds
(withanolide M & K, ergosterol) were evaluated based on Lip-
inski's rule of five, the number of rotatable bonds (nRotB), and
the polar surface area or PSA (Table 3). Our study observed that
none of our lead compounds violated the rule of 5, except
withanolide M, for its high lipophilicity or LogP value (6.47).
Also, according to Veber's rule, there was no violation in the
physicochemical properties of the compounds, as their PSA
values were less than 140 A*> and the nRotB was within the
reference value.

The water solubility and GI absorption were found to be
moderate and high for both withanolide M and withanolide K,

36958 | RSC Adv, 2025, 15, 36938-36968

respectively; the control ligand absorption rate was high, and it
was soluble in water. In contrast, ergosterol showed low
absorption in gastrointestinal regions and poor water solubility.
None of our lead compounds, as well as the control ligand,
could penetrate the blood-brain barrier (BBB), which will help
to reduce the side effects on the central nervous system (CNS).
Their inhibition potential against major cytochrome P450 (CYP)
isoenzymes was evaluated to assess their metabolic safety and
potential for drug-drug interactions. Both withanolide M and K
were predicted to be non-inhibitors of all major CYP isoforms
assessed, suggesting no interference with hepatic metabolism
and drug-drug interaction. In contrast, ergosterol and the
control compound exhibited inhibitory activity against CYP2C9
and CYP2D6, respectively (Table 3), which are key isoenzymes
involved in the metabolism of various clinically important
drugs, indicating a possible risk of metabolic interactions and
altered pharmacokinetics. The results suggest that
withanolide M and K could be suitable candidate drugs due to
their favorable metabolic profiles. The Pan-Assay Interference
compounds (PAINS) help to identify the unwanted substructure
of any compounds that could be problematic; none of our
compounds showed any alerts that indicate frequent assay
interference. This supports the reliability of their predicted
bioactivity and reduces the likelihood of false-positive results in
biological screening. All the compounds exhibited greater
synthetic accessibility compared to the control compound,
indicating their modest synthesis difficulties compared to the
control ligand.

3.14.2 In silico toxicity profiling of the selected
compounds. The iz silico toxicological properties of the selected
compounds, withanolide M, withanolide K, and ergosterol,
were systematically evaluated across multiple toxicity endpoints

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Table 3 Physicochemical, pharmacokinetics (ADME), and bioavailability of the selected lead compounds
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Properties Withanolide M Withanolide K Ergosterol Control
MW (g mol ™) 468.58 470.6 396.65 371.46

Physico-chemical properties Consensus log P 3.31 3.11 6.47 2.51
H-bond acceptors 6 6 1 5
H-bond donors 2 3 1 1
Rotatable bonds 2 2 4 5
Polar surface area 96.36 104.06 20.23 98.15

Pharmacokinetics Log S (ESOL) —4.14 —4.1 —6.72 —3.69
GI absorption High High Low High
BBB No No No No
CYP1A2 inhibitor No No No No
CYP2C19 inhibitor No No No No
CYP2C9 inhibitor No No Yes No
CYP2D6 inhibitor No No No Yes
CYP3A4 inhibitor No No No No

Drug likeness Lipinski's rule Accepted Accepted Accepted Accepted
Veber's rules Accepted Accepted Accepted Accepted

Medi. Chemistry Synth. accessibility 6.78 6.45 6.58 3.17
Bioavailability 0.55 0.55 0.55 0.55
PAINS 0 0 0 0

(including hepatotoxicity, neurotoxicity, cardiotoxicity, carci-
nogenicity, mutagenicity, and cytotoxicity), with a standard
reference compound (FB8) comparative study (Table 4).
According to the findings of this research, withanolide M was
predicted to be a toxicological concern, as it exhibits car-
diotoxicity, cytotoxicity, and carcinogenicity. In contrast, with-
anolide K demonstrated a more favorable safety profile,
showing only cardiotoxicity, while it remained inactive across
all other assessed endpoints. Similarly, ergosterol was found to
be neurotoxic but did not show any other organ-specific or
systemic toxic effects. Furthermore, the calculated Lethal Dose
50% (LDs,) value supported the relative toxicity of the selected
compounds (Table 4), where the lowest LDs, value indicates the
highest toxicity.* Then, the acute toxicity order according to
this concept is ergosterol (10 mg kg™ ') > withanolide M (34 mg
kg™") > withanolide K (400 mg kg™") > control (500 mg kg™").
Thus, withanolide K had a substantially higher LDs, of 400 mg
kg ', indicating comparatively low acute toxicity. The control
ligand (FB8) showed the most favorable safety profile and was
inactive across all endpoints, except for carcinogenicity.

3.15 Pharmacodynamics analysis

3.15.1 Quantitative structure-activity relationship (QSAR)
and pICs,. The quantitative structure-activity relationship

(QSAR) is a well-developed computational methodology and
equation routinely used to predict the biological profile of
a compound. It has become an integral part of drug design for
evaluating a predictive hypothesis based on a constructed
model.” Generally, the standard range of pICs, for any
compound to be considered a potential and bioactive
compound should be greater than 4.0 but less than 10.°*°" In
Table 5, it has been reported that the pICs, values of our
selected compounds, withanolide M, withanolide K, and
ergosterol, and the control ligand FB8 are 5.786, 5.638, 6.264,
and 5.640, respectively. Thus, the pICs, values of the selected
compounds are within the acceptable range since the value is
not more than 10.0 and not higher than 4.0.

4. Discussion

Cyclin-dependent kinase 2 (CDK2) is a pivotal enzyme that
controls the G1/S phase transition in the cell cycle by activating
key replication proteins.”” In normal cells, the activity of CDK2
is tightly regulated to ensure proper cell cycle progression.
However, in many cancers, this regulation is disrupted, leading
to uncontrolled cell division, increased replication stress, and
failure of critical cell cycle checkpoints.®*** In breast cancer, the
overexpression of CDK2, often driven by cyclin E amplification,

Table4 Physicochemical characteristics, water solubility, drug likeliness, lipophilicity, Gl absorption, and accessibility of specific synthesis of the
three lead compounds, where red indicates toxicity and green indicates non-toxicity

Toxicity classification Withanolide M Withanolide K Ergosterol Control
Hepatotoxicity Inactive Inactive Inactive Inactive
Neurotoxicity Inactive Inactive Active Inactive
Cardiotoxicity Active Active Inactive Inactive
Carcinogenicity Active Inactive Inactive Active
Mutagenicity Inactive Inactive Inactive Inactive
Cytotoxicity Active Inactive Inactive Inactive
Predicted LDs, (mg kg™ ) 34 400 10 500
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Table 5 Data table for the QSAR descriptors and plCsq value calculation

D Chiv5s bcutm1 MRVSA9 MRVSA6 PEOEVSA5 GATSv4 Diameter ] pICso ML-based pICs,
Withanolide M 6.944 4.077 11.753 34.947 30.222 1.038 14 1.344 5.786 5.189
Withanolide K 6.365 4.016 11.753 34.947 30.725 1.038 14 1.484 5.638 5.153
Ergosterol 5.846 3.991 0 35.45 76.993 0.58 15 1.458 6.264 5.196
Control_ligand 3.269 4.623 21.473 48.55 0 1.068 13 1.501 5.640

leads to the premature initiation of DNA replication and the
bypass of regulatory checkpoints. This uncontrolled prolifera-
tion is strongly associated with tumor aggressiveness and poor
patient outcomes.” In ovarian cancer, CDK2 helps sustain cell
division even in the presence of DNA damage, which can make
them more resistant to chemotherapy and lead to disease
recurrence.”® CDK2 plays a crucial role in lung and colorectal
cancer by regulating cell cycle progression through the G1/S
phase transition, and its overactivation supports the uncon-
trolled proliferation and survival of cancer cells.®” High CDK2
levels are also associated with lymph node metastasis in early-
stage colorectal carcinoma.® Therefore, targeting CDK2 repre-
sents a critical therapeutic strategy to suppress uncontrolled
cell proliferation and potentially improve patient outcomes.
Although various CDK4/6 inhibitors have been approved for
clinical use, selective CDK2 inhibitors, such as BLU-222, remain
investigational, with their clinical translation still in progress.*®
In this study, we explored a comprehensive in silico approach to
identify potent CDK2 inhibitors derived from traditional-
medicinal-plant-derived phytochemicals. Our work combines
machine learning-based bioactivity prediction with structure-
based and dynamics-based drug discovery tools to address
this gap and propose novel, safe, and effective CDK2-targeting
candidates.

In this study, we investigated the oncogenic relevance of
CDK2 by integrating transcriptomic, proteomic, genomic, and
immunological analyses across various cancer types. Our find-
ings reinforce the pivotal role of CDK2 in malignancies, align-
ing with its known function in G1/S transition and replication
control. Gene expression analyses from TIMER2.0 and GEPIA2
(ref. 38 and 39) revealed that CDK2 is significantly overex-
pressed in multiple tumor types, including breast, lung, liver,
and colon cancers. Protein-level data from UALCAN further
confirmed the elevated CDK2 levels in these cancers, supporting
its active role in tumor biology. Notably, a high CDK2 expres-
sion was correlated with poor overall and disease-free survival
results in cancers, such as ACC, KIRP, LGG, LIHC, MESO, PAAD,
and SKCM, suggesting its potential as a prognostic biomarker.*®
Interestingly, our general observation that a high CDK2
expression indicates poor survivability is contradicted in the
case of READ tumors, where Li et al (2001)* found that
a decreased CDK2 expression level was associated with poor
prognosis. This suggests that in READ tumors, a low CDK2
expression may actually signal more aggressive disease
progression. Combined with the opposite trend in UVM, the
results underscore the context-dependent prognostic role of
CDK2, possibly mediated by tumor-specific biology, microen-
vironmental factors, or mutation landscapes. Genomic

36960 | RSC Adv, 2025, 15, 36938-36968

alteration analysis revealed frequent mutations and amplifica-
tions, particularly in endometrial and ovarian cancers, with
missense mutations like R265L and D68N potentially contrib-
uting to oncogenic activation.' Interestingly, amplification-
driven expression appeared prominently in aggressive cancers,
such as glioma and non-small cell lung cancer. CDK2 expres-
sion also showed positive associations with tumor-promoting
immune infiltrates, particularly T follicular helper cells and
cancer-associated fibroblasts,'**°> hinting at its involvement in
modulating the tumor microenvironment. Furthermore, inter-
action and co-expression analyses suggested that CDK2 func-
tions as more than just a canonical cell cycle regulator. Its
connectivity with multiple oncogenic signaling pathways indi-
cates that CDK2 serves as a central hub integrating proliferative
signals, checkpoint regulation, and tumor-promoting networks.
This centrality highlights its potential as a key driver of
uncontrolled proliferation in cancer, consistent with its estab-
lished role in G1/S transition, while also pointing to its broader
implications in oncogenesis and therapeutic targeting. Collec-
tively, these findings not only highlight the pan-cancer over-
expression and prognostic significance of CDK2 but also
underscore its potential as a therapeutic target. Given the
current lack of selective CDK2 inhibitors, our comprehensive in
silico screening of phytochemical libraries aims to bridge this
gap by identifying novel, plant-derived candidates with prom-
ising bioactivity and safety profiles for future development.
Additionally, we first retrieved 764 phytocompounds from
the IMPPAT database and refined the dataset by removing
duplicates and entries lacking structural information, resulting
in 467 compounds. A subsequent screening using a LightGBM-
based machine learning model identified 322 compounds with
predicted pICs, values greater than 5.1, highlighting their
potential as promising therapeutic leads. To assess the binding
affinities of the selected compounds with CDK2, molecular
docking was performed following the virtual screening of these
top-ranked compounds. In such studies, it is generally under-
stood that lower (more negative) binding energies indicate
stronger and more stable interactions between a ligand and its

target protein 103. Among the tested compounds,
withanolide M, ergosterol, and withanolide K demonstrated the
most favorable binding scores (—10.2, —10.1, and

—9.9 kcal mol™', respectively), outperforming the control
compound FB8 (—9.0 kcal mol™'). Additionally, other CDK
proteins bind to the selected compounds with good binding
affinity scores, not less than —7.7 keal mol ™. Also, the control
(FB8)'s binding energy towards the homologue's protein of
CDK2 was lower than those of the top-ranked three compounds.
These results suggest that the top-ranked candidates may have

© 2025 The Author(s). Published by the Royal Society of Chemistry
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a stronger affinity for the active site of CDK2 compared to the
reference compound. Furthermore, the detailed protein-ligand
interaction analysis provided critical insights into how the top
compounds engage with the CDK2 binding site. The ligand-
protein interaction analysis revealed that withanolide M,
ergosterol, and withanolide K share several common residues
with the control FBS, including key sites, such as ALA A:144,
PHE A:80, VAL A:18, ALA A:31, LEU A:134, VAL A:64, and ILE
A:10. These conserved contacts, involving hydrogen bonding
and hydrophobic interactions, highlight critical hotspots for
stabilizing ligand binding. Although an unfavorable acceptor-
acceptor interaction was observed with withanolide M, the
overall interaction profiles suggest strong binding affinities
supported by favorable hydrogen and hydrophobic contacts.
Collectively, the overlap between phytochemicals and the
control underscores the reliability of these residues as potential
anchoring points for inhibitor design.

Molecular dynamics (MD) simulation is a structure-based
computational technique used to analyze the dynamic
behavior and interaction of protein-ligand complexes in an
environment that mimics physiological conditions. In MD
simulations, a virtual biological system is created to continu-
ously monitor atomic-level interactions over time. This
approach provides insights into the conformational stability,
rigidity, and adaptability of the complexes under cellular-like
stress conditions.'® To explore these properties in our study,
we performed 100 ns MD simulations of the protein-ligand
complexes. Dynamic parameters, such as RMSD, RMSF, R,
SASA, Hydrogen bonding, MM/GBSA binding energy, PCA,
DCCM, and FEL, were analyzed to understand the structural
behavior and dynamic stability of the complexes. RMSD
measures the average structural deviation of a protein-ligand
complex over time, where lower values indicate greater struc-
tural stability.’”® Among the tested compounds, withanolide K
showed the lowest RMSD (1.79 A), indicating that it had the
most stable interaction, with slightly better stability than the
standard inhibitor FB8 (2.03 A). Withanolide M (2.23 A) and
ergosterol (2.30 A) exhibited RMSD values close to that of the
control, reflecting comparable stability. These trends are rep-
resented in Fig. 10. Moreover, the RMSD of the bound ligand
during the simulation was also considered in this study. The
findings revealed that the selected compounds show compara-
tively lower RMSD than the control ligand, but the stability of
the control ligand and proposed phytocompounds is almost the
same (Fig. S3). The RMSD values of the control ligands vary
from ~2.0 A to ~2.5 A, approximately, whereas the selected
compound shows a similar trend, with values ranging from 0.2
A to 1.0 A. This value reflects how much the ligands deviate from
their initial docked position, rather than the stability of the
protein backbone. Root mean square fluctuation analysis
provides insights into molecular flexibility, where reduced
fluctuations correlate with structural rigidity'*® and elevated
values indicate dynamic regions. In this study, all three
compounds exhibited RMSF profiles that were reasonably
comparable to that of the control (FB8, 0.96 A), suggesting that
they maintained a degree of structural stability throughout the
simulation. In particular, ergosterol (1.06 A) showed the closest
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profile to the control. The SASA metric evaluates molecular
surface exposure, where increased values correlate with struc-
tural instability, while decreased values demonstrate enhanced
packing efficiency between solvent molecules and protein
components.” In this case, the complexes formed by ergosterol
and withanolide K with the receptor exhibited slightly lower
SASA values than that formed by the control ligand FBS, indi-
cating more compact and stable interactions. On the other
hand, the complex formed by withanolide M showed a higher
SASA value, suggesting that it is less tightly packed and possibly
less stable compared to the control. RoG serves as an essential
biophysical metric for evaluating the structural density and
conformational stability of protein-ligand complexes.'”” The
complexes formed by ergosterol, withanolide K, and
withanolide M with the receptor exhibited lower RoG values
compared to the complex formed by the control, indicating
improved compactness and structural stability, as represented
in Fig. 11a. Hydrogen bonds play a crucial role in stabilizing
ligand-protein interactions.”® Compared to the complex
formed by the control ligand FB8, the complex formed by
withanolide K exhibited a higher and more consistent number
of hydrogen bonds throughout the simulation, indicating
stronger and more stable binding. Withanolide M showed
a similar or slightly weaker profile than the control, while
ergosterol did not form any hydrogen bonds, suggesting its
significantly weaker interaction stability, as illustrated in
Fig. 11. Here, the hydrogen bonds act like strict rules in
binding; they require specific distances and angles, which limit
how freely the ligand and protein side chains can move. When
these restrictions are relaxed, the ligand has more ways to fit
into the pocket, and the protein side chains also gain more
room to adjust, making binding easier in flexible or expanding
sites.’*®''® In systems where both the pocket and the ligand are
adaptable, this flexibility works together: the ligand can explore
alternate binding poses that match the pocket as it reshapes,
allowing good accommodation even without relying heavily on
precise polar interactions.'' MM-GBSA binding free energy
(BFE) analysis provides insight into the strength and stability of
protein-ligand interactions, where more negative AG values
indicate a stronger binding affinity."™ In this study, with-
anolide M, ergosterol, and withanolide K all demonstrated
stronger binding energies compared to the control. These
findings suggest that all three phytocompounds exhibit more
favorable binding interactions with CDK2 than the control
ligand, as illustrated in Fig. 12.

PCA was performed to assess the large-scale conformational
dynamics of 6GUE in its free form and when bound to different
ligands."* The PCA results revealed that the unbound form of
6GUE (apo) showed a moderate level of flexibility, with PC1
accounting for 16.46% of the total variance, consistent with
a dynamic structure in the absence of a ligand. Upon ligand
binding, the conformational sampling patterns changed, and
the trajectories formed more compact clusters in the PCA plots,
suggesting restricted motion and enhanced stabilization of the
complexes. Notably, the withanolide K complex exhibited
a more balanced variance across PC1 (15.07%), PC2 (10.34%),
and PC3 (10.08%), accompanied by a relatively dense clustering,
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indicating constrained but flexible motions within a narrower
conformational space. In contrast, withanolide M, ergosterol,
and the control ligand FB8 displayed higher variance in PC1
(>40%), which is indicative of dominant large-scale motions,
although they still form single dominant clusters that suggest
stabilization in alternative conformational states. Overall, these
patterns suggest that while withanolide K restricts conforma-
tional sampling in a more compact manner, the other ligands
may drive structural rearrangements toward new stable
conformations rather than simple destabilization. DCCM
analysis revealed distinct differences in correlated and anti-
correlated movements across the studied complexes."™* The
withanolide M and withanolide K complexes enhanced corre-
lated motions across distant residues, suggesting a more orga-
nized and concerted protein movement. In contrast, the
ergosterol complex induced strong anti-correlated motions,
indicative of a ligand-triggered conformational switch. The
control complex showed weaker, scattered correlations, sug-
gesting less coordinated dynamics. FEL analysis provided
further insights into the thermodynamic stability of the
compounds. The control complex and the withanolide M
complex exhibited the deepest and most well-defined energy
minima, indicating that they have the highest thermodynamic
stability. The withanolide K complex displayed a slightly
broader energy basin, reflecting its greater flexibility compared
to the most stable complexes. In contrast, the ergosterol-bound
complex showed a broader distribution with multiple shallow
energy minima, signifying higher conformational variability
and lower stability. Based on these findings, the overall stability
of the complexes can be ranked as withanolide M > control >
withanolide K > unbound protein > ergosterol.

The drug-likeness and ADMET evaluation suggest that both
withanolide M and K possess favorable pharmacokinetic and
physicochemical profiles, making them promising candidates
for further development. Despite withanolide M's elevated
log P, its compliance with Lipinski's and Veber's rules indi-
cates an overall acceptable balance between permeability and
solubility. Notably, the high gastrointestinal absorption of
withanolide K and withanolide M indicates their favorable oral
bioavailability.”® Moreover, their inability to penetrate the
blood-brain barrier minimizes the risk of unwanted CNS-
related side effects, supporting their safety.''® In contrast,
ergosterol's poor water solubility and low GI absorption raise
concerns about its oral bioavailability and overall drug-likeness.
Furthermore, the metabolic safety profiles of withanolide M and
withanolide K are strengthened by their predicted non-
inhibition of key cytochrome P450 isoenzymes, reducing the
likelihood of hepatic interference or drug-drug interactions.
This is particularly important as drug candidates that inhibit
enzymes like CYP2C9 or CYP2D6 often face clinical complica-
tions."” The inhibitory behavior of ergosterol and the control
compound toward these enzymes highlights a potential limi-
tation in their metabolic compatibility. The absence of PAINS
alerts and good synthetic accessibility further support
withanolide M and K as promising and reliable drug candidates
with relatively safe pharmacokinetic profiles. The in silico
toxicity assessment further reinforced the safety profiles of the
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lead compounds. Withanolide K demonstrated the most
favorable safety index, being inactive for all evaluated endpoints
except mild cardiotoxicity. Withanolide M showed a compara-
tively higher toxicological risk, being active for cytotoxicity,
carcinogenicity, and cardiotoxicity. Ergosterol exhibited neuro-
toxicity and had the lowest LDs, value (10 mg kg™ ), indicating
that it has the highest level of acute toxicity among the tested
compounds. In contrast, the control ligand (FB8) presented the
overall best safety profile, showing no major organ-specific
toxicities except for carcinogenicity, and it had the highest
LDs, value (500 mg kg™'), supporting its low acute toxicity. In
this study, pICs, values were calculated using a multiple linear
regression (MLR) model with selected descriptors (Chivs,
bcutm1, MRVSA9, MRVSA6, PEOEVSA5, GATSv4, ], Diameter).
These descriptors capture key molecular features, such as
topology, polarity, size, and electronic distribution, which are
critical for ligand-protein interactions.'® Similar sets of
descriptors have been successfully applied in previous QSAR-
based studies, supporting the reliability of our
predictions."™™*** QSAR analysis revealed that all selected
compounds, including the control ligand, exhibited pICs,
values within the optimal bioactivity range (4-10), indicating
their potential as biologically active and promising drug
candidates.

In summary, our integrated computational pipeline
successfully identified three promising CDK2 inhibitors from
phytochemical sources, with withanolide K emerging as the
lead candidate due to its strong binding affinity, dynamic
stability, favorable pharmacokinetic properties, and low
toxicity. These findings offer valuable direction for future
experimental validation, with the goal of advancing
phytochemical-based therapeutic development against CDK2-
driven cancers. In future investigations, the integration of
deep learning-based generative models and multi-target
screening could further enhance compound discovery and
prioritize selectivity, thereby complementing our -current
computational framework.

5. Conclusion

This study commenced with a comprehensive pan-cancer
analysis to establish the oncogenic significance of CDK2
across multiple tumor types, revealing its consistent over-
expression, context-dependent association with prognosis, and
potential involvement in immune modulation. Building on this
foundation, an integrative computational approach was applied
to identify potential CDK2 inhibitors from traditionally used
medicinal plants. Using machine learning-based pICs, predic-
tion, molecular docking, molecular dynamics simulations, and
ADMET/toxicity assessments, withanolide K emerged as the
most promising candidate due to its predicted high binding
affinity, structural stability, and favorable pharmacokinetic
properties. These findings highlight the potential of natural
compounds, particularly withanolide K, as candidate CDK2
inhibitors and underscore the relevance of CDK2 as a viable
anticancer target. However, these results are based solely on in
silico analyses; experimental validation through in vitro and in

© 2025 The Author(s). Published by the Royal Society of Chemistry
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vivo studies is essential to confirm the efficacy, specificity, and
safety of these compounds.

6. Limitations of this study

This study employed a range of computational approaches,
including pan-cancer analysis, machine learning-based
screening, molecular docking, molecular dynamics (MD)
simulations, MM-GBSA free energy calculations, and
pharmacokinetic/pharmacodynamic predictions. While these
methods provide valuable preliminary insights, the binding
affinity estimations from docking and MM-GBSA cannot fully
capture the complexity of biological interactions occurring in
vivo. In particular, the tumor microenvironment (TME) may
significantly influence the compound activity and therapeutic
response, which is not accounted for in our computational
framework. Moreover, pharmacokinetic predictions are based
on in silico models and therefore require experimental confir-
mation. To establish the clinical relevance of the identified
compounds (withanolide K, withanolide M, and ergosterol) as
potential CDK2 inhibitors, further validation using TME-
relevant in vitro models (e.g., 3D spheroid or co-culture
systems) and in vivo studies will be essential to evaluate their
efficacy, bioavailability, and possible off-target effects.
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