Open Access Article. Published on 29 April 2026. Downloaded on 5/15/2026 12:51:07 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Digital
Discovery

I ROYAL SOCIETY
P OF CHEMISTRY

View Article Online

View Journal

{ '.) Check for updates ‘

Cite this: DOI: 10.1039/d6dd00045b

Received 27th January 2026
Accepted 24th April 2026

DOI: 10.1039/d6dd00045b

rsc.li/digitaldiscovery

Identification of multi-transcriptomic prognostic
biomarkers to explore natural therapeutics for lung
cancer integrating machine learning
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Lung cancer remains the leading cause of cancer-related mortality worldwide, underscoring the urgent
need for novel therapeutic strategies. Cyclin-dependent kinase 1 (CDK1), a central cell-cycle regulator,
has emerged as an oncogenic driver and potential target in lung adenocarcinoma. This study aimed to
integrate transcriptomics, machine learning (ML), and advanced in silico approaches to identify natural
product-derived potential inhibitors targeting CDK1. To identify robust differentially expressed genes, first
we analyzed four different datasets (GSE19804, GSE10072, GSE18842, and GSE10799). Protein—protein
interaction network and topological analysis highlighted CDK1 as a primary key hub gene (pKHG)
enriched in cell-cycle and p53 pathways. Target validation confirmed CDK1 overexpression, prognostic
significance, immune infiltration links, and mutation associations. In addition, a collected library of 9667
natural phytocompounds was reduced through ML-based bioactivity (pIC50) prediction targeting pKHG
to discover potential lead molecules. Then, the selected top lead molecules were considered for further
evaluation via molecular docking, molecular dynamics simulations, ADMET analysis, and binding free-
energy calculations (MM-GBSA). Among the selected phytochemicals, CID_14218027 (—7.69 kcal mol™),
CID_487089 (—6.80 kcal mol™), and CID_174880 (—6.70 kcal mol™?) showed the highest binding affinity
score (GLIDE_XP score) and stable molecular interactions. Furthermore, MD simulations confirmed the
conformational stability of ligand—protein complexes, supporting their potential as CDK1 inhibitors. This
integrated omics-to-in silico pipeline identifies CDK1 as a robust therapeutic target and highlights natural
product-derived inhibitors with favorable pharmacological and physicochemical properties. Therefore,
these findings present a viable framework for accelerating precision drug discovery, with experimental
validation underway. However, these findings are based solely on computational analyses and require
further experimental validation to confirm CDK1 inhibitory activity, anticancer efficacy, and safety.

1. Introduction

Lung cancer (LC) is the deadliest cancer in the world because it
causes more deaths annually than all breast, colon and prostate
cancers put together.™” In 2022, LC was responsible for about
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1.82 million deaths, representing 18.7% of all cancer fatalities,
far exceeding the mortality from colorectal cancer (9.3%) and
breast cancer (6.9%). Approximately 2.48 million new LC diag-
noses were made that same year, along with an age-standardized
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mortality rate of around 16.8 per 100 000, a pattern that tends to
rise in countries with higher Human Development Index scores. If
today's rates stay unchanged, population aging and growth could
push the numbers to about 4.62 million new cases and roughly
3.55 million deaths by 2050, marking increases in total cases and
deaths rather than in standardized mortality rates.>* LC is highly
lethal due to late-stage diagnosis, inherent molecular heteroge-
neity, and low sensitivity to the current treatment.** Though there
has been a great deal of development of synthetic FDA-approved
drugs, including cytotoxic chemotherapy, molecularly targeted
agents, and immune checkpoint inhibitors,** the overall prog-
nosis of the patients of LC remains challenging. However, drug-
drug interactions, off-target toxicity, inadequate potency, and low
pharmacokinetics have limited the translation of these insights
into effective therapies.”™ Though standard synthetic drugs have
played a significant role in the treatment of cancer, these drugs
are usually restricted by their adverse side effects, toxicities,
resistance and high cost of production.”™ In particular,
conventional chemotherapy is effective but frequently causes
clinically meaningful adverse effects (notably myelosuppression
and gastrointestinal toxicity), which can reduce quality of life and
limit dosing intensity.® The number of patients who initially
respond eventually develop acquired resistance (e.g., resistance
after EGFR-TKI/osimertinib treatment), which drives disease
progression and the need for next-line options.”** Overall, these
limitations justify exploration of alternative vulnerabilities such as
cell-cycle control: cyclin-dependent kinase is a central mitotic
kinase/enzyme and is reported to be overexpressed and prog-
nostically relevant in LC. Abnormal patterns in oncogenic
signaling pathways, DNA repair mechanisms, cell death, and
uncontrolled cell-cycle progression collectively contribute to
tumor initiation and progression.’** These molecular abnor-
malities suggest that cell-cycle regulators, mitotic proteins, and
other important modulators represent promising points of ther-
apeutic intervention. Transcriptomics and multiomics studies
help to identify significant regulatory genes and signaling
networks with clinical relevance. Network pharmacology-based
methodologies, including protein-protein interaction (PPI)
networking, hub gene identification, transcriptomics factors, and
pathway enrichment analysis, are some effective ways to discover
the key molecular regulators.>*~°

On the other hand, natural compounds—to be more specific,
medicinal plant derived phytochemicals—have emerged as an
attractive alternative to synthetic drug molecules, because their
chemical diversity and evolved bioactivity can provide novel
scaffolds and mechanisms that differ from current synthetic
libraries.>” Previous studies show that more than 60 percent of
the present anticancer agents are natural, including famous
drugs such as paclitaxel, camptothecin, or vincristine.”®*° The
IMPATT database is one of the large databases that contain
information on 4010 medicinal plants and 17 967 phytochem-
icals, along with their properties, which are often not well rep-
resented in other databases.** Thus, this database is a useful
source of lung cancer drugs.

Nowadays, to reduce the time and cost, scientists are
considering computational screening using the in silico meth-
odology prior to evaluating the study through experimental (in
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vivo and in vitro) validation. This research developed a holistic
computational workflow integrating transcriptomics, machine
learning (ML)-based lead screening, molecular docking and
a dynamic simulation study to screen a vast set of compounds
in a library and develop therapeutic drug molecules with
reduced toxicity and enhanced efficacy. Previous studies have
used transcriptomic and machine learning (ML) approaches in
LUAD primarily to identify potential biomarkers and thera-
peutic targets or to predict responses to approved and investi-
gational drugs.***° Similarly, several studies have developed ML
models using LUAD mRNA and mutation profiles to predict
sensitivity to existing targeted and chemotherapeutic agents,
achieving good predictive performance across dozens of
drugs.*”*° In contrast to these studies, which mainly focus on
biomarker/drug target identification, validation, and response
prediction for existing drugs, this study integrates LUAD
transcriptomics-based drug target identification with classical
ML-based QSAR modelling to predict pIC50 values for plant-
derived phytocompounds, followed by docking and molecular
dynamics (MD) simulations to prioritize potent natural
candidates.

Therefore, this study builds upon transcriptomic informa-
tion from various publicly available GEO datasets to construct
PPI networks, a classical ML-based regression model to predict
the bioactivity (pIC50), docking validation integrating different
algorithms, evaluation of the binding strength by calculating
post-docking MM-GBSA, large-scale MD simulation, and phar-
macokinetics analysis to create a comprehensive approach to
natural product-based drug discovery for lung cancer treatment.
Compared with conventional docking-centered studies, this
biologically informed workflow allows both disease-relevant
target prioritization and more systematic lead selection from
a large natural compound library. Thus, the present work
provides a comprehensive and translationally oriented compu-
tational strategy for prioritizing CDK1-targeting phytochemicals
in lung adenocarcinoma and supports future experimental
validation of the identified candidate compounds. A complete
guideline for this work is given below in Fig. 1.

2. Materials and methods

2.1. Target identification

In this section, we present a systematic analysis of lung cancer
gene expression profiles to uncover differentially expressed
genes (DEGs) and highlight the primary key hub gene (pKHG),
which plays a central role in understanding the underlying
disease mechanisms.

2.1.1. Microarray expression dataset acquisition. We used
four publicly available microarray datasets from the Gene
Expression Omnibus (GEO) database of National Center for
Biotechnology Information (NCBI) (https://
www.ncbi.nlm.nih.gov/geo/). The selected datasets were
GSE19804, GSE10072, GSE18842, and GSE10799, which
contain gene expression profiles of lung cancer and
corresponding normal tissues. Details of these datasets,
including platform and sample distribution, are summarized
in Table 1.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig.1 A complete graphical representation of this study.

Table 1 Summary of lung cancer GEO datasets used in this study

MM-GBSA based Binding Energy

Molecular Dynamics Simulation

GEO dataset Number of samples Cancer Control Platform Ref.

GSE19804 120 60 60 GPL570 [HG-U133_Plus_2] Affymetrix 41,42
Human Genome U133 Plus 2.0 Array

GSE10072 107 58 49 GPL96[ HG-U133A] Affymetrix Human 43
Genome U133A Array

GSE18842 91 46 45 GPL570 [HG-U133_Plus_2] Affymetrix 44
Human Genome U133 Plus 2.0 Array

GSE10799 19 16 3 GPL570 [HG-U133_Plus_2] Affymetrix 45
Human Genome U133 Plus 2.0 Array

2.1.2. DEG analysis based on microarray gene expression datasets was visualized through Venn diagrams constructed

datasets. To identify differentially expressed genes (DEGs) in
lung cancer, we analyzed the four selected datasets (GSE19804,
GSE10072, GSE18842, and GSE10799) using GEO2R (https://
www.ncbi.nlm.nih.gov/geo/geo2r/), an online tool provided by
NCBI. In each dataset, samples were -categorized into
“control” and “cancer” groups, and the data were normalized
using log 2 transformation. The limma package*® was applied
to detect DEGs, while the Benjamini-Hochberg false discovery
rate (FDR) method was used to adjust for multiple testing.
Genes with an adjusted p-value < 0.05 and log FC > +1.0 were
considered significantly upregulated, whereas those with log
FC < —1.0 were considered significantly downregulated.

2.1.3. Identification of common DEGs (cDEGs). Finally, we
identified the common DEGs (cDEGs) by intersecting the DEG
lists from all four datasets, representing potential candidate
genes associated with lung cancer. The cDEGs were extracted
using the “dplyr” package* in R, and their overlap across

© 2026 The Author(s). Published by the Royal Society of Chemistry
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with the R packages “ggplot2”*® and “ggvenn”.

2.1.4. Identification of key hub genes via PPI network
analysis. Having determined the common DEGs (cDEGSs), we
investigated the interactivity of the relevant proteins with each
other to reveal major molecular targets in lung cancer. The
screening of a protein-protein interaction (PPI) network was
performed through the STRING database,’*® and only interactions
that were experimentally validated were considered. To concen-
trate the analysis on direct interactions among the cDEGs, we
defined the minimum interaction score as low confidence (0.150)
and did not add any additional interactors to the initial shell in
order to reduce the results of the analysis to direct interactions. It
was then visualized in Cytoscape (v3.10.4), with each node being
a protein and each edge being the interaction between the two
proteins.** In order to uncover the most significant proteins, we
applied the CytoHubba®> application and analyzed hub genes in
eight diverse topological approaches: Degree, Maximum Neigh-
borhood Component (MNC), Maximal Clique Centrality (MCC),
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Density of Maximum Neighborhood Component (DMNC), Edge
Percolated Component (EPC), Bottleneck, EcCentricity, and
Closeness. Using these several topological analyses, the proteins
with the largest percentage of interactions were chosen as the
most important key hub genes (KHGs), which guaranteed a high
value in identifying the key central target proteins in lung cancer-
related networks.

2.1.5. Analysis of transcriptional and post-transcriptional
regulation of KHGs. In order to understand the regulatory
processes of the identified KHGs at an upstream level, we con-
ducted a combined analysis of regulatory networks to identify
the transcriptional and post-transcriptional regulators. The
prediction of transcription factors was performed using the TF-
target interaction within the JASPAR database® and miRNA-
target interaction within miRTarBase.*® The regulatory
networks were built with the help of the web platform Networ-
kAnalyst,”* (https://www.networkanalyst.ca/) which combines
these interactions and enables topological analysis to be
performed to discover essential regulators. The networks that
resulted were then visualized and analyzed further using
Cytoscape (v3.10.3) where nodes are regulators or target genes
and edges are interactions that regulate a gene. Significant
regulators were also prioritized according to their topological
features of networks, thus bringing light to transcription
factors and miRNAs that could be at the center of regulating
lung cancer-related KHGs.

2.1.6. GO and pathway enrichment analysis of KHGs. We
first used the Gene Ontology (GO) and KEGG pathway enrich-
ment analysis through the DAVID database to understand the
biological functions of the identified DEGs.>® GO grouped genes
based on molecular functions, biological processes and cellular
components, whereas KEGG identified the relevant signaling
pathways. For GO enrichment analysis, terms with a minimum
gene count of 2 and a p-value of less than 0.05 were considered
significant and KEGG pathways were selected with the default
EASE score in DAVID. In order to guarantee the reliability of
such results, DAVID-enriched GO terms and KEGG pathways
were further verified with the help of Enrichr® and Gene-
CloudOmics.*® The terms found in DAVID and those terms that
we regularly found in both DAVID and the other validation
platforms were retained, allowing us to obtain a comprehensive
and reliable set of functional categories based on which lung
cancer KHGs were associated.

2.2. Target validation

To validate the identified prime key hub gene (pKHG) in lung
cancer, we focused on the lung adenocarcinoma (LUAD) dataset
from the available databases.

2.2.1. Transcriptional and proteomic expression analysis
of the pKHG. The pKHG was selected from the candidate hub
genes based on a combination of topological scoring and
enrichment analysis, ensuring that the most biologically relevant
and network-central target was prioritized for downstream vali-
dation. To strengthen the reliability of our findings, we next vali-
dated the expression pattern of the pKHG in LUAD using multiple
publicly available resources. The Tumor Immune Estimation
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Resource (TIMER 2.0) (https://timer.comp-genomics.org/)*® was
first used to examine the expression of the pKHG between lung
adenocarcinoma tissues and normal controls based on TCGA
data. For further validation, the GEPIA2 platform (https://
gepia2.cancer-pku.cn)® was employed, integrating TCGA and
GTEx datasets. Boxplot parameters were set as follows: log 2 FC
cutoff = 1, p-value cutoff = 0.01, jitter size = 0.4, and values
were log2 (TPM + 1)-transformed for visualization. The “Stage
Plot” module of GEPIA2 was also utilized to determine the
correlation between the expression of genes and the
pathological stages (I-IV) of LUAD. In addition, two levels were
applied to the UALCAN database (https://ualcan.path.uab.edu):**
(i) the study utilized TCGA RNA-seq data to validate the
differences in expression of mRNA between the normal and
LUAD tissues, and (ii) the study used Clinical Proteomic Tumor
Analysis Consortium (CPTAC) data to test the levels of protein
expression of the pKHG. This validation was consistent both at
the transcriptomic and proteomic levels with this combined
approach.

2.2.2. Survival analysis of the pKHG. In order to examine
the prognostic role of the pKHG in LUAD, the Kaplan-Meier
survival analysis was performed on the GEPIA2 stage. The
median cutoff value of 50 percent was used to classify patients
in high- and low-expression groups. The overall survival (OS)
and disease-free survival (DFS) were measured, and the differ-
ence between the two was tested by the use of the log-rank test.
The survival plots display time in months on the X-axis and
survival probability (%) on the Y-axis, and the dotted line indi-
cates the 95 percent confidence intervals. This discussion pre-
sented valuable information regarding the prognostic value of
the pKHG in LUAD.

2.2.3. Immune infiltration associated with the pKHG. The
correlation between the pKHG and immune cell infiltration on
LUAD alone was explored using the module named “Immune-
Gene” in TIMER2.0. We concentrated on CD8+ T cells, macro-
phages and CD4+ T cells to determine the strongest positive and
negative correlations. The deconvolution algorithms were
applied to give an estimate of the immune cell infiltration, and
Spearman correlation with adjustment of tumor purity was used
to provide both the correlation coefficient and the significance
value. The resulting associations were plotted with heatmaps,
which show in which type(s) of immune cells the hub gene in
lung cancer is most tightly associated.

2.2.4. Investigation of mutations and alterations in the
PKHG. To continue investigating the problem of cancer-related
genomic changes, the cBioPortal platform (https:/
www.cbioportal.org/) was used.”” The patterns of genetic
alteration of the identified prime key hub gene (pKHG) were
systematically analyzed using this resource. The analyses of
the data in the TCGA PanCancer Atlas studies (including 32
tumor types and 10957 samples of patients) were performed
with the help of the “Query by Gene” module. The resulting
“Cancer Type Summary” was a summary of mutation and
copy number change types of the pKHG in various cancers.
Moreover, the application of the “Mutations” module was
used to produce a schematic diagram of the exact mutation
sites in the gene.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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2.3. pKHG guided in silico drug discovery

To explore therapeutic opportunities, we performed structure-
based drug discovery on the validated pKHG. This included
retrieval and preparation of target protein's 3D crystal structure,
ligand collection, virtual screening of ligands, molecular dock-
ing, ADMET, molecular dynamics (MD) simulation, MMGBSA,
PCA (Principal Component Analysis) and 3D-FEL (Free Energy
Landscape).

2.3.1. Retrieval and preparation of target protein. The
PKHG crystallographic structure was derived in the RCSB
protein database.®* To enable the subsequent analysis of the
protein, all the existing heteroatoms, ligands and water mole-
cules were eliminated with the help of BIOVIA Discovery Studio
2021.%** The protein structure was then energy-minimized using
Swiss-PDB Viewer (spdbv) 4.1.0.%

2.3.2. Compound library construction. In order to detect
possible inhibitors, we built a universal phytochemical library
with the aid of the IMPPAT 3.0 database.** We took a total of 33
traditionally used medicinal plants depending on their ethno-
pharmacological significance, and extracted phytocompounds
in various parts of the plants, such as roots, leaves, and seeds.
Out of these chosen plants, 9667 phytochemicals were obtained,
which were collected together to form a comprehensive
compound library to be used in future virtual screening and
molecular docking studies.

2.3.3. Physicochemical property-based ligand screening.
Virtual screening (VS) is an essential part of contemporary drug
discovery, which also provides a computational method of
finding the possible bioactive compounds in large chemical
libraries.®® Pharmacokinetic and toxicity-related parameters can
help in this screening process with the help of ADMETIab 2.0,
a web-based platform. In order to narrow the selection down,
the Rule of Five (RO5) by Lipinski®® is often used as a criterion in
determining drug-likeness. Under this rule, the compound has
a higher chance of being orally bioavailable; therefore, it has no
more than five hydrogen bond donors, no more than ten
hydrogen bond acceptors, a molecular weight less than 500 Da,
and the logP less than five. Phytochemicals that fulfil this
requirement are said to be good leads for further computational
and experimental studies. Duplicate compounds were elimi-
nated, and those that survived were those which had 3D struc-
ture available and would be used in further studies.

2.3.4. ML-based bioactivity prediction (pIC50) of the
selected compounds. The potent inhibitory concentration
(pIC50) value serves as an important indicator of a drug's
potency, showing the concentration needed to reduce the
activity of a biological target by half.®® Over time, many studies
have worked to improve these prediction strategies, making it
easier to focus on the most promising drug candidates.”®”* In
this context, the present study applied machine learning (ML)
techniques to forecast the bioactivity of the selected compounds
against the pKHG.

2.3.4.1. Dataset curation and preparation. For dataset
construction, bioactivity records and chemical structures were
obtained from the ChEMBL database, a well-established

© 2026 The Author(s). Published by the Royal Society of Chemistry
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platform for QSAR investigations. Compounds were then
curated by retaining only those entries that reported IC50 values
against pKHG. For selecting the final ChEMBL database, we
mainly focused on the types of protein, organism, availability of
the compound activities, including standard type (IC50) and
standard unit (nm). This careful refinement produced a dataset
of reliable and biologically relevant molecules, which served as
the basis for regression modeling and subsequent analyses.

2.3.4.2. Molecular  descriptor  calculations.  Molecular
descriptors play a central role in QSAR modeling because they
translate the structural and physicochemical features of
compounds into measurable values, allowing meaningful
patterns to be recognized.” In this study, RDKit was used to
calculate Morgan fingerprints and ECFP4 descriptors for each
compound. These descriptors offered a detailed numerical
profile of the compounds' structural characteristics, which
served as essential inputs for building predictive models to
estimate bioactivity in QSAR modeling.

2.3.4.3. Data splitting into train and test. The final dataset of
987 compounds was split into training and test subsets using
the train_test_split function from scikit-learn with stratification
on the class labels to preserve the original class distribution in
both subsets. It was split into 789 molecules in the training set
and 198 molecules in the test set, typical among chem-
informatics and other machine learning tasks to use 20-30% of
the data to test the algorithm. Random or stratified random
splits are widely used as a baseline in cheminformatics
modeling, although recent work has highlighted that more
stringent splitting strategies (e.g., scaffold or clustering-based
splits) may provide more realistic assessments of external
generalization for chemical datasets.”*”

2.3.4.4. ML Model development and validation. For predictive
modeling, we selected the best regression model, with a high-
performance machine learning algorithm valued for its speed,
accuracy, interpretability, and the coefficient of determination
(R*) values of test and train datasets. To enhance the model's
effectiveness, Recursive Feature Elimination (RFE) was applied
to remove less informative features, reducing noise and making
the model more interpretable. Here, we used optuna to tune the
hyperparameter. The predictive performance of the model was
assessed using widely adopted metrics, including Mean Abso-
lute Error (MAE), Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), and coefficient of determination (R?).
These metrics were calculated according to previously pub-
lished formulae.

Mean Absolute Error (MAE):

1 & .
n Z lyi = ¥il
i=1

Mean Squared Error (MSE):

% Z i — ﬁf)z
i=1
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Root Mean Squared Error (RMSE):

\/%Z(J’i—f’i)z

Coefficient of determination (R?):

(i _ﬁi)z

M:

1—
(i *?i)z

M:

Here, y; refers to the experimentally observed IC50 values, y;
represents the predicted values generated by the model, and y
indicates the mean of the observed IC50 values.

2.3.4.5. Model implementation for bioactivity (pIC50) predic-
tions. After model development, we applied our trained and
fine-tuned model to predict the pIC50 values of the collected
compounds against the pKHG. Compounds showing the high-
est predicted pIC50 values (>6.5), reflecting greater potential
potency, were considered for further investigation. These
selected compounds were then analyzed through molecular
docking studies to evaluate their binding affinities and inter-
actions with the pKHG.

2.3.5. Molecular docking via AutoDock Vina. Molecular
docking is important in the discovery and optimization of
possible drug candidates. It can be used to estimate the possi-
bility of two molecules, such as a protein and a ligand, inter-
acting with each other and can provide information on their
binding behavior and possible efficacy.”® Therefore, in this
study PyRx was used”” for molecular docking of the chosen
compounds with the target protein. PyRx offers an easy-to-use
graphical interface with AutoDock Vina to make docking a lot
easier. It further combines AutoDock Vina and Open Babel,
which provides a complete package of molecular docking and
analysis.”® Lastly, we analyzed the interaction between the
ligands and the target receptor through PyMOL and BIOVIA
Discovery Studio 2021, which enabled us to see the interaction
and to have a better perspective on their binding patterns.

2.3.6. Molecular docking validation via Schrédinger soft-
ware. Following the first docking in AutoDock Vina, the short-
listed compounds were further filtered based on their highest
binding affinity and were selected for further docking re-scoring
using the GLIDE module. First, these potential hit compounds
were generated and optimized with the LigPrep module of
Schrodinger suites.” The protein structure was preprocessed,
and the grid was generated through the protein preparation
wizard and receptor grid generation module, respectively. This
involved the correction of missing hydrogen atoms, the closure of
side-chain gaps and loops using Prime, the elimination of water
molecules that are distant to the active site and the creation of
suitable protonation states using Epik at a physiological pH of 7.0
=+ 2.0. Lastly, the validated ligands were re-docked into the active
sites of the target proteins using the GLIDE module of the
Maestro (Version 11.8.012) software in Extra Precision (XP) mode,
ensuring that only reliable targets were studied in more detail in
terms of their binding interactions.
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2.3.7. Post docking MMGBSA. To gain a better idea of
ligand-protein interactions, post-docking refinement methods,
especially Molecular Mechanics Generalized Born Surface Area
(MM-GBSA), were used. Although docking scores provide an
initial value of binding affinity, they do not include all of the
solvation effects or entropic contributions, which may affect the
binding stability and strength of ligand binding.** MM-GBSA
overcomes these drawbacks by offering a more accurate esti-
mate of the binding free energy (AG), which provides a more
accurate image of the affinity between the ligand and receptor.*
In this research, the MM-GBSA analysis was only applied to the
ligands that yielded good results in extra precision (XP) mode,
using the OPLS4 force field in the Schrodinger suite (PRIME
module). This selective approach was necessary because not all
ligands produce reliable or meaningful scores during XP
docking due to differences in binding modes and structural
flexibility.*” The binding free energy for each ligand was calcu-
lated using the formula:

AGbind = AGcomplex - (AGreceptor + AGligemd)

Here, AGcomplex represents the free energy of the ligand-protein
complex, AG cceptor 1S the receptor's free energy, and AGigang is
the ligand's free energy. More negative AG values correspond to
stronger binding interactions.*®

2.3.8. Molecular dynamics simulation and post simulation
MM-GBSA calculation. The molecular dynamics (MD) simula-
tions were performed using the Desmond module of Schro-
dinger to examine the stability and conformational dynamics of
the protein-ligand complexes.?* System preparation was per-
formed using the System Builder wizard. Each complex was
solvated in a simple point charge (SPC) water model inside an
orthorhombic simulation box, ensuring a minimum distance of
10 A between the protein surface and the box edges. To emulate
physiological ionic conditions, the systems were neutralized
and supplemented with 0.15 M Na' and Cl~ ions. Energy
minimization was conducted for 100 ps to remove unfavorable
contacts, followed by equilibration under NVT and NPT
ensembles at 300 K and 1 atm. The production MD simulations
were conducted for 100 ns with a 2 fs time step. Trajectories
were saved at 20 ps intervals, yielding 5000 frames in total. We
used the OPLS3e force field,* which delivers improved param-
eterization for biomolecules as well as drug-like compounds.
The simulation trajectories were analyzed for RMSD, RMSF,
SASA, radius of gyration, hydrogen bonding, and principal
component dynamics to assess conformational stability.

Then the MM-GBSA-based binding free energy (AG_bind) of
the selected complex was calculated with the gmx MMPBSA
package.®*®” This approach integrates van der Waals, electro-
static, and solvation energy components, along with solvent-
accessible surface area (SASA) contributions, providing a ther-
modynamic estimate of ligand affinity. The Desmond trajectory
files were converted to GROMACS-compatible formats using
Schrodinger utilities, while the corresponding topology files
were generated through InterMol conversion of *.cms files to
*.gro and *.top formats.®® The free energy associated with

© 2026 The Author(s). Published by the Royal Society of Chemistry
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binding (AG_bind) was determined based on the following
relationship:

AGyping = (Gpr) — (Gp) — (GL)

In this equation, (Gpr), (Gp), and (G) correspond to the
average free energies of the complex, the unbound protein, and
the free ligand, respectively.

Accordingly, the overall binding energy is given by:

AGping = AEvm + AGsory — TAS

where AEy represents the gas-phase molecular mechanics
energy (including van der Waals and electrostatic components),
AGsory is the change in solvation free energy, and TAS reflects
the contribution from entropy.

2.3.9. Pharmacokinetics (ADME & toxicity) evaluation.
After completing molecular docking and simulation studies, it
became essential to examine whether the top-performing
compounds possessed properties suitable for real-world drug
development. The pharmacokinetic analysis has been per-
formed based on the SwissADME web tool (https://
www.swissadme.ch/), which predicts the important ADME
parameters (absorption, distribution, metabolism, and
excretion) and the physicochemical properties including
solubility, lipophilicity, and molecular flexibility.** In this
analysis, short listing was done on compounds that had an
optimal balance of potency and pharmacokinetic feasibility.

In order to supplement these results, the ProTox-III server
(https://tox-new.charite.de/protox_IIT) was employed to make
predictions regarding different types of toxicity, such as
hepatotoxicity, nephrotoxicity, cardiotoxicity, and
neurotoxicity.”® It uses deep machine learning algorithms to
train on experimental data to give confidence in estimating
toxicity.

3. Results

3.1. Target identification

3.1.1. Differential gene expression analysis and DEG
selection. In order to examine the transcriptional changes in
lung cancer, four independent GEO microarray datasets were
analyzed (GSE19804, GSE10072, GSE18842 and GSE10799). We
found extensive transcriptional changes in lung cancer versus
normal tissues, as many of the genes were significantly upre-
gulated or downregulated in all the four datasets. Table S1
contains the lists of these genes for each dataset. DEG visuali-
zation was performed as a volcano plot (Fig. 2A), revealing
obvious differences in significantly upregulated and down-
regulated genes in the state of lung cancer and normal tissues.
As a step to find strong molecular signatures, we then identified
common DEGs among the four datasets. The intersection
analysis showed that there are common DEGs (cDEGs), which
were integrated in a Venn diagram (Fig. 2B). Table S2 gives the
detailed list of these cDEGs. These shared genes are the possible
candidates that can be important to the pathogenesis of lung
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cancer and they were prioritized to be further analyzed with
respect to their functions.

3.1.2. Identification of key hub proteins via PPI network
analysis. Having built the protein-protein interaction (PPI)
network using the common DEGs (cDEGs), we obtained the
network having 375 nodes and 349 edges with an average node
degree of 1.86 and an average local clustering coefficient of
0.299. The expected number of edges was 222, and the PPI
enrichment p-value was 2.55 x 10 '°, which meant that the
interactions observed were considerably more than should have
occurred by chance. All of these PPI networks are depicted in
Fig. 3A, in which nodes correspond to individual proteins and
edges represent experimentally confirmed interactions.

To identify the most influential proteins within the network,
we applied eight topological methods using the CytoHubba
plugin. For each method, the top 10 hub genes were deter-
mined. The results of these analyses are summarized in Fig. 3B,
highlighting the proteins that consistently appear as central
hubs across multiple metrics. These key hub genes (kHGs) are
likely to play critical roles in lung cancer biology and represent
promising targets for further investigation. Among all the
identified KHGs, CDK1 exhibited the highest number of
protein—protein connections, and therefore its interaction
network is highlighted in Fig. 3A.

3.1.3. Analysis of transcriptional and post-transcriptional
regulation of kHGs. After identifying hub genes using
multiple topological algorithms in the PPI network (eight
different methods), we observed that although several hub
genes were common across most methods, some unique genes
were identified by individual algorithms. Each centrality
method emphasizes different network properties and therefore
captures complementary aspects of network biology.”*** To
minimize the bias associated with any single algorithm and to
ensure that potentially relevant candidates were not excluded,
we considered the union set of hub genes (n = 26) obtained
from all methods. To better understand how the identified
kHGs are regulated, we carried out an integrated analysis
focusing on their interactions with transcription factors (TFs)
and microRNAs (miRNAs). As illustrated in Fig. 4A and Fig. 4B,
the networks highlight kKHG-TF and kKHG-miRNA interactions,
respectively. From the network's topological evaluation, we
pinpointed five key TFs (FOXC1, GATA2, YY1, E2F1, and HINFP)
along with five major miRNAs (hsa-miR-192-5p, hsa-miR-92a-
3p, hsa-miR-193b-3p, hsa-miR-215-5p, and hsa-miR-155-5p) as
central regulators. These molecules appear to play crucial roles
in controlling gene expression at both the transcriptional and
post-transcriptional levels.

3.1.4. GO and pathway enrichment analysis of KHGs. In
order to shed light on the biological significance of the identi-
fied key hub genes (KHGs) in lung cancer, the enrichment
analysis of Gene Ontology (GO) and KEGG pathways was con-
ducted in DAVID, EnrichR, and GeneCloudOmics. All of the
terms detected in DAVID and those that were present
throughout the validation platforms were kept, which led to
a full range of functional categories of the KHGs of lung cancer.
The enriched -categories were classified into biological
processes (BP), cellular components (CC), molecular functions
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showing the overlap of DEGs among the four datasets and the common DEGs (cDEGs).

(MF), and signaling pathways, and the corresponding detailed
lists are presented in the SI (Table S3). In GO categories,
enrichment of functions related to the cell cycle was observed to
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GSE18842

GSE19804

(A) Volcano plots illustrating the distribution of significantly upregulated and downregulated genes across each dataset. (B) Venn diagram

be strong. Mitotic cell cycle progression, spindle organization,
chromosome segregation, and checkpoint signalling terms
were highly enriched in biological processes (BP), and AURKA,
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Fig. 4 Integrated regulatory network of DEGs with transcription factors (A) and microRNAs (B).

CDK1, CCNB1, NDC80 and CDC20 among others have been
repeatedly involved. These results indicate that the destabili-
zation of mitotic fidelity is one of the key markers in lung cancer
progression. KHGSs in the cellular components (CC) group were
enriched to known mitotic structures, e.g. kinetochore, centro-
some, spindle pole, and mitotic spindle, and KHGs such as
NDC80, BUB1B and AURKA were identified as major drivers of
these enrichments. This indicates that there is structural dys-
regulation of chromosome segregation machinery in the lung
cancer cells. In molecular functions (MF), the representation of
kinase activities (protein kinase and serine/threonine kinase)
and binding ATP functions was most enriched, with AURKA,
CDK1, NEK2, and TTK occupying central positions. Multiple
histone kinase activities also arose, and these hub genes might
play a role in mitosis-related epigenetic regulation. In accor-
dance with the GO results, KEGG pathway analysis showed 14
highly enriched pathways, with the strongest association made
by the cell cycle pathway (p = 3.83 x 10~7) with multiple KHGs
(CDK1, CCNB1, CCNB2, BUB1B, CDC20, NDC80, and TTK).
Pathways connected to tumor suppressive functions and
cellular stress reactions, including p53 signaling and FoxO
signaling, were additionally greatly enriched and include these
genes as part of pathways that regulate apoptosis, senescence,
and genomic stability. Interestingly, a number of infection-
related pathways (e.g., HTLV-1, HIV-1 and Hepatitis B) were
also enriched, implying that there are common molecular
pathways between virus infection and oncogenesis that could
play a role in the pathology of lung cancer.

3.2. Target validation

Based on the integrated evidence from hub gene ranking within
the PPI network and the enrichment analysis highlighting its
strong involvement in significant pathways, CDK1 was priori-
tized as the prime key hub gene (pKHG) for downstream
validation.

3.2.1. Evaluation of transcriptional and proteomic expres-
sion levels of CDK1 in lung cancer. To validate CDK1 as the
prime key hub gene, we first assessed its expression profile

Digital Discovery

across pan-cancer datasets using TIMER2.0. As shown in
Fig. 5A, CDK1 expression was significantly elevated in multiple
tumor types, including lung adenocarcinoma (LUAD), with p <
0.001 indicating strong statistical significance. Further valida-
tion in LUAD using GEPIA2 confirmed the upregulation of
CDK1. The boxplot analysis (Fig. 5B-1) demonstrated a signifi-
cant increase in CDK1 transcript levels in LUAD tissues
compared to normal controls, while the stage plot (Fig. 5B-ii)
revealed that CDK1 expression remained significantly high
across pathological stages (I-IV) (p = 0.000579). These findings
suggest that CDK1 overexpression is maintained throughout
disease progression. In addition, UALCAN-based analyses
provided consistent evidence at both transcriptomic and pro-
teomic levels. TCGA RNA-seq data showed markedly higher
CDK1 expression in LUAD tumors compared with normal
samples (Fig. 5C-i), and CPTAC proteomic data similarly
confirmed elevated protein expression of CDK1 in tumor tissues
relative to controls (Fig. 5C-ii). Collectively, these results
demonstrate that CDK1 is robustly upregulated in LUAD at both
mRNA and protein levels, reinforcing its candidacy as a biolog-
ically relevant prime key hub gene for downstream validation.

3.2.2. Survival analysis of CDK1 in lung cancer. To explore
the clinical relevance of CDK1 expression in LUAD, we per-
formed Kaplan-Meier survival analysis using the GEPIA2 plat-
form. Patients were stratified into high- and low-expression
groups based on the median cutoff value. In the overall survival
(OS) analysis, patients with high CDK1 expression showed
a markedly poorer outcome compared to those with low
expression (Fig. 6A). The difference was statistically significant
(log-rank p = 2.6 x 10~ °), with a hazard ratio (HR) of 1.9, sug-
gesting that elevated CDK1 expression nearly doubled the risk
of death in LUAD. Consistent with this, the disease-free survival
(DFS) analysis also indicated that patients with higher CDK1
levels experienced earlier recurrence and shorter DFS than
those in the low-expression group (Fig. 6B). The association was
significant (log-rank p = 0.027; HR = 1.4), reinforcing the
unfavorable role of CDK1 overexpression in disease progres-
sion. Together, these findings highlight CDK1 as a potential
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Fig. 5 Transcriptional and proteomic expression profiles of CDK1 in lung adenocarcinoma (LUAD).
proteomic data showing elevated protein levels in primary tumors compared to normal samples.

levels across TCGA datasets using TIMER2.0, showing significantly higher expression in LUAD (

LUAD using GEPIA2:
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Fig. 6 Kaplan—Meier survival analysis of LUAD patients stratified by CDK1 expression. (A) Overall survival (OS). (B) Disease-free survival (DFS).

prognostic marker in LUAD, where its overexpression is linked
to both reduced survival and increased risk of relapse.

3.2.3. Evaluation of immune infiltration associated with
CDK1. Using TCGA information, we examined the connection
between the expression of CDK1 and the immune cell infiltra-
tion in LUAD. Data of CD8+ T cell infiltration analysis in LUAD
indicated that the levels of CDK1 expression and T cell CD8+
infiltration had a significant positive correlation as determined
by various deconvolution algorithms. A clear band in the heat-
map (Fig. S1A) showed the LUAD, and this band showed
a significant association. The best positive relationship was
found with T cell CD8+ (naive_XCELL) infiltration with a Rho of
0.235 and a p-value of 1.35 x 10™”. On the other hand, the most
significant negative relationship was observed with T cell CD8+
(EPIC), with a Rho of —0.207 and a p-value of 3.46 x 10 °. In
CD4+ T cell infiltration in LUAD, the heatmap (Fig. S1B) once
again was showing an orange band that was representative of
LUAD-specific associations. The most significant correlation
was found with T cell CD4+ (Th2XCELL) with a Rho value of
0.813 and a p-value of 2.96 x 10", The most negative corre-
lation was found with T cell CD4+ (central memory XCELL)
with a Rho value of —0.322 and a p-value of 2.27 x 10~ **. When
it comes to the macrophage infiltration in LUAD, the heatmap
(Fig. S1C) was once again represented by an orange band,
pointing to the relevant associations. The best positive corre-
lation was with macrophage (M1_CIBERSORT) infiltration, with
a Rho of 0.367 and a p-value of 3.39 x 10 "’. The strongest
negative correlation was with macrophages (M2_TIDE), which
has a Rho value of —0.346 and a p-value of 2.45 x 10~ *°.
Combined with the analysis, we have found that there is
a strong association between the expression of CDK1 and
immune cell infiltration in LUAD. In particular, there were
positive and negative correlations between CD8 + and CD4 + T
cell subsets, and a significant correlation between CD4 + Th2
cells (a subtype that is a humoral immunity). On the other hand,
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the negative correlation with the CD4+ central memory cells
(long-term immune memory) showed a condition-dependent
effect. In addition, the expression of CDK1 was positively
associated with M1 macrophage infiltration (pro-inflammatory/
anti-tumor phenotype) and negatively correlated with M2
macrophages (immunosuppressive/pro-tumor phenotype). This
movement between M1 and M2, also known as macrophage
polarization, is the functional re-programming of tumor
microenvironment macrophages. Taken together, these results
indicate that CDK1 can have an effect on the immune micro-
environment of LUAD, and it could have an impact on tumor
progression and sensitivity to therapy.

3.2.4. Investigation of mutations and alterations in CDK1.
To investigate the genomic landscape of CDK1 in human
cancers, we queried the cBioPortal database using data from the
TCGA Pan Cancer Atlas. The highest alteration frequency was
observed in uterine corpus endometrial carcinoma (UCEC),
approaching 8%, predominantly driven by amplification. This
was followed by skin cutaneous melanoma at approximately
3%, cholangiocarcinoma and uterine corpus endometrial
carcinoma at 2.5-2.8%, and lower rates in breast invasive
carcinoma (Fig. S2A). Overall, mutations were the most preva-
lent alteration type across cohorts, with structural variants
(purple), amplifications (red), deep deletions (blue), and
multiple alterations (black) occurring less frequently but
notably in cancers such as LUAD and BRCA. The presence of
these alterations, particularly amplification, positions CDK1 as
a significant oncogenic driver in a subset of LUAD patients. This
suggests that targeted therapies against CDK1 (such as selective
CDK inhibitors) could be a viable therapeutic strategy for those
patients whose tumors harbor these specific genetic alterations.
Further analysis via the “Mutations” module generated a sche-
matic lollipop diagram of CDK1 mutations (Fig. S2B), mapping
alterations onto the 297-amino acid protein sequence. Missense
mutations (green) dominate, while truncating (black), splice

© 2026 The Author(s). Published by the Royal Society of Chemistry
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(brown), and fusion (purple) variants were less common.
Detailed mutation distributions are presented in Table S4.
These data show that CDK1 can be mutated in LUAD, specifi-
cally through missense mutations that are predicted to be
functionally damaging. This analysis identified and character-
izes three non-synonymous somatic mutations in the CDK1
gene (S178L, I1136N, and E57V) within a cohort of lung adeno-
carcinoma (LUAD) patients from The Cancer Genome Atlas
(TCGA). While none were currently annotated as known drivers
in major clinical databases (OncoKB and CIViC), in silico func-
tional prediction tools suggest that two of these mutations
(I136N and E57V) are likely pathogenic. These mutations may
represent a candidate biomarker for sensitivity to CDK inhibi-
tors in a subset of LUAD patients.

3.3. Structure-based drug discovery targeting CDK1

3.3.1. Structural preparation and optimization of the target
protein. The three-dimensional crystal structure of the CDK1
protein (PDB ID: 6GU7) was obtained from the RCSB Protein
Data Bank.” Prior to its use in computational experiments, the
structure underwent a refinement process as outlined in the
methodology section. This preparation involved the removal of
heteroatoms and water molecules, followed by energy minimi-
zation to ensure a stable and optimized conformation suitable
for subsequent molecular modeling analyses.

3.3.2. Compound filtering and selection results. In this
study, we selected a total of 33 natural medicinal plants as
a source of compounds to identify the potential inhibitors of
CDK1 from the IMPPAT database (Table S5). Initially we
retrieved almost 9 667 compounds from the database with their
IMPPAT IDs and SMILES. The Lipinski's Rule of Five (RO5)
results reveal that 4236 compounds had zero (0) violations out
of 5786 phytochemicals, indicating favorable drug-likeness
profiles. Following the removal of duplicates, 2113 unique
compounds were retained from all of that selected medicinal
plants (Table S6). These compounds were then selected for
further computational analyses.

3.3.3. Bioactivity prediction (pIC50) wusing the ML
approach
3.3.3.1. Model development, optimization and validation. To

calculate the bioactivity of our selected compounds targeting
CDK1, we choose the ChEMBL dataset (CHEMBL308) contain-
ing 3348 experimentally validated inhibitors and 4536 activities
against CDK1 with their IC50 information (accessed on
November 20, 2025). The aim was to develop a classical
regression model for CDK1 inhibitors, so that we can calculate
the IC50 and pIC50 values of our compound library based on
the trained model. According to our study, we get random forest
(RF), LighGBM, XGBoost, and Stacking as the best-performing
models. The evaluation metrics indicated that the difference
in R? value for RF, LightGBM, XGBoost, and Stacking were
0.177, 0.117, 0.241, and 0.214, respectively (Fig. S3A). Thus,
based on these findings, we observed that LightGBM showed
the lowest difference in R* values between the test and train
datasets, indicating the best fit for prediction outcomes.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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The LightGBM regression model among other machine-
learning methods has been receiving considerable attention
due to its excellent predictive accuracy, computational effi-
ciency, and the capacity to handle large data volumes.**** As an
ensemble of decision trees, LightGBM is well suited to capture
nonlinear structure-activity relationships while maintaining
fast training on large molecular descriptor and fingerprint sets.
The LightGBM model was trained on the training set using
optimized hyperparameters, including n_estimators, num_-
leaves, max_depth, learning rate, subsample, colsample_by-
tree, min_child_samples, reg alpha, and reg lambda.
Additionally, the LightGBM model tuned to improve general-
ization and reduce overfitting. Model performance was then
evaluated on the test set using standard QSAR regression
metrics: Mean Absolute Error (MAE), Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), and coefficient of
determination (R*). These parameters offered a comprehensive
assessment of how well the model's predictions aligned with the
actual experimental data. The test model demonstrated
impressive performance, with MAE, MSE, RMSE, and R* values
of 0.520, 0.544, 0.737, and 0.758, respectively, shown in Fig. S3A.
The overall results suggest that the accuracy is comparatively
higher than the others. Therefore, finally we selected the
LightGBM model for predicting the bioactivity (pIC50) value of
our selected natural compounds.

3.3.3.2. Application to bioactivity calculation and compound
screening. Once the model's predictive performance was vali-
dated, it was used to virtually screen a curated phytocompound
library of 2113 phytocompounds by predicting their pIC50
values using the optimized ML model. A total of 380 compounds
showed predicted pIC50 > 6.5 (~IC50 < 1 uM), suggesting
potential inhibitory activity against the target and prioritizing
them for follow-up validation (see Table S7).*® As the experi-
mental and predicted values lie close to each other in the scatter
plot (Fig. S3B), it indicates that the QSAR model is strong and
has excellent predictive accuracy, as most data points closely
align along the regression line. These results indicate the extent
to which the model is useful in identifying potentially prom-
ising molecules that can be subjected to further investigation
either with the use of molecular docking or through experi-
mental studies to confirm their utility as a possible drug target.

3.3.4. Molecular docking analysis via AutoDock Vina. Out
of 380 previously selected phytochemicals, a total of 358 with
available 3D SDF structures were extracted from the PubChem
database and subjected to molecular docking against the CDK1
protein (6GU7) using AutoDock Vina implemented in PyRx. The
docking was performed using a grid box centered at the
protein's active site with coordinates X = 22.0351, Y = 12.6323,
and Z = 4.7655. Additionally, we also compare the docking
binding affinity score with the known inhibitor of CDK1 (FB8/
AZD5438) and we set this binding affinity of AZD5438 as our
cut-off value (—8.8 kcal mol™'). Finally, we selected 29
compounds for further analysis and evaluation of their binding
strength (Table S8).

3.3.5. Molecular docking validation via Schrodinger soft-
ware. For further accuracy assessment, extra precision (XP)
docking was carried out using the GLIDE module within the
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Table 2 Docking scores (binding affinity) in kcal mol™ of the selected ligands and positive control compound using AutoDock Vina and GLI-

DE_XP mode
Binding affinity Binding affinity

Compound CID Compounds name Source by AutoDock by GLIDE_XP
115196 Brassinolide Camellia sinensis -9.2 —7.85

5317764 Glycyrrhisoflavon Glycyrrhiza glabra -9.5 -7.70
14218027 Licoflavanone Glycyrrhiza glabra —9.5 —7.69

487089 3-(3,4-Dihydroxyphenyl)-5,7-dihydroxy-6, Glycyrrhiza glabra —9.2 —6.80

8-bis(3-methylbut-2-enyl)chroman-4-one

174880 Lactupicrin Cichorium intybus —9.4 —6.70
16747683 AZD5438 — —8.8 —5.15

Schrodinger's Maestro environment for the selected 29
compounds. From the initially docked compounds, top 5
ligands (CID_115196, CID_5317764, CID_14218027,
CID_487089, and CID_174880) exhibiting binding affinities
below —9.2 keal mol~ " in AutoDock Vina were shortlisted for
this validation step, along with the control compound. Their XP
docking results revealed that their binding affinity ranged from
—6.80 to —7.85 kcal mol ™" (Table 2). In particular, CID_115196,
CID_5317764, and CID_14218027 showed the highest Maestro
XP docking scores of —7.85, —7.70, and —7.69 kcal mol’,
respectively, indicating the strongest predicted interactions
with the target protein among these ligands. Also, CID_487089
(—6.80 keal mol™") and CID_174880 (—6.70 kcal mol™") indi-
cated better binding than the reference compound AZD5438
(—5.15 kecal mol ™). Thus, these docking results suggested that
these top 5 compounds could be selected as candidate drug
molecules for further computational studies.

3.3.6. Post docking MMGBSA analysis. To evaluate the
docking-score-based screening results, we further estimated the
binding free energies (AG_bind) of the selected protein-ligand
complexes using the MM-GBSA approach. The analysis revealed
that CID_174880 exhibited the most favorable binding energy
(—50.44 kecal mol™'), indicating the highest predicted binding
stability among all evaluated compounds. Similarly,
CID_487089 also demonstrated strong binding affinity with
a AG bind value of —46.78 kcal mol'. CID 14218027
(—36.28 kcal mol™') and CID_5317764 (—36.15 kcal mol )
showed moderate but stable binding energies, comparable to
each other. In contrast, CID_115196 exhibited the weakest
binding among the tested phytochemicals (—27.81 kcal mol ).
Notably, the reference inhibitor AZD5438 displayed a strong
binding free energy of —44.58 kcal mol™", consistent with its

reported inhibitory activity against the target protein. Impor-
tantly, several candidate compounds, particularly CID_174880
and CID_487089, showed more favorable MM-GBSA energies
than the control, while others such as CID_14218027 and
CID_5317764 demonstrated comparable binding profiles.
Overall, these findings suggest that the top-ranked compounds
possess binding affinities equal to or stronger than the refer-
ence inhibitor, supporting their potential as promising candi-
dates for further stability and dynamic analyses (Table 3).
Lastly, based on the above findings, we selected top 3
compounds for further analysis to validate their binding
strength and stability.

3.3.7. Assessment of molecular interactions between
protein and ligands. All docked ligands exhibited stable
binding within the CDK1 active site through a combination of
hydrogen bonding and hydrophobic interactions, closely
resembling the interaction behavior of the control compound
AZD5438. The control formed four well-oriented hydrogen
bonds (THR14, LYS130, ASN133, and LEU83) along with diverse
hydrophobic contacts, establishing a strong benchmark profile.
Among the phytochemicals, 6GU7_487089 showed the most
competitive interaction pattern, forming multiple hydrogen
bonds with key residues such as LYS130, ASP86, LEU83, and
ASN133, along with dense hydrophobic interactions involving
ILE10, ALA31, VAL64, and LEU135, indicating a highly stable
and well-packed binding mode. Similarly, 6GU7_174880
demonstrated strong anchoring through four hydrogen bonds
(LEU83, LYS89, ASP86, and GLUS81) supported by m-alkyl and
alkyl interactions with ALA31, ILE10, and LEU135, although its
hydrophobic network was comparatively less extensive than
that of 6GU7_487089. In contrast, 6GU7_14218027 exhibited
a balanced but slightly weaker profile, with hydrogen bonds

Table 3 Post docking MM-GBSA binding free energies of top docked compounds compared to control (AZD5438)

Compound CID Compounds name

Post-docking MMGBSA (AGgina)

174880 Lactupicrin —50.44
487089 3-(3,4-Dihydroxyphenyl)-5,7-dihydroxy-6,8-bis(3-methylbut-2-enyl)chroman-4-one —46.78
14218027 Licoflavanone —36.28
5317764 Glycyrrhisoflavon —36.15
115196 Brassinolide —27.81
16747683 AZD5438 —44.58
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primarily centered on LYS33, LYS89, and GLN132 and hydro-
phobic interactions involving ALA31, VAL18, and PHESO.
Overall, while AZD5438 maintains the most diverse interaction
pattern, 6GU7_487089 emerges as the closest competitor in
terms of binding stability and interaction density, followed by
6GU7_174880, whereas 6GU7_14218027 shows comparatively
moderate interaction strength. These findings suggest that
certain phytochemicals, particularly 6GU7_487089, have the
potential to mimic the binding efficiency of the control ligand
within the CDK1 active site. Full interaction details are provided
in Table S9, and the corresponding 3D and 2D interaction maps
are illustrated in Fig. 7.

3.3.8. Docking protocol validation by re-docking. Docking
protocol validation is typically carried out by re-docking the co-
crystallized ligand back into the active site of the target protein
to check how reliable the docking method is. The accuracy of
this process is measured by calculating the root mean square
deviation (RMSD) between the experimentally determined
ligand position and the re-docked pose. In this study, the co-
crystal ligand AZD5438 was re-docked into the binding pocket
of CDK1 (PDB ID: 6GU7) using the Maestro platform. The best
docking pose showed an RMSD value of 1.360 A when super-
imposed with the original ligand conformation (Fig. 8). Since
this RMSD value is well below the commonly accepted
threshold of =2.0 A, it indicates that the docking protocol can
accurately reproduce the experimentally observed binding
mode. Overall, this validation confirms that the docking setup
is reliable and suitable for further analysis of binding affinities
and molecular interactions.

3.3.9. Molecular dynamics simulation. To understand the
behavior of all four CDK1 complexes—6GU7_487089,
6GU7_174880, 6GU7_14218027, and 6GU7_ AZD5438
(control)—a 100 ns molecular dynamics (MD) simulation to
each of the four complexes was conducted to understand their
behavior under conditions similar to the human body. With
this simulation, we could track the evolution of the structures
with time, and how the ligands remained bound to the protein.
In order to have a clear understanding of their stability, we
analysed some of the important indicators such as RMSD,
RMSF, radius of gyration (R,), and solvent-accessible surface
area (SASA). Besides that, principal component analysis (PCA)
and free energy landscape (FEL) mapping were conducted to
describe the large-scale motions and found the most stable
conformational states that each complex visited throughout the
trajectory of 100 ns.

3.3.9.1. Root mean square deviation (RMSD). The root mean
square deviation (RMSD) evaluates the structural integrity and
conformational shifts in the docked complex,” with elevated
values signaling reduced stability and lower values reflecting
stable system performance.®” The RMSD analysis showed that
the apo protein (6GU7) presented the highest average structural
deviation (3.245 A), which is the highest conformational flexi-
bility that is shown in the absence of a ligand. In contrast, all
ligand-bound complexes exhibited markedly lower average
RMSD values, indicating enhanced structural stability upon
ligand binding. Among the screened compounds, CID_487089
was the compound with the lowest average RMSD (2.446 A),

© 2026 The Author(s). Published by the Royal Society of Chemistry
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which was then followed by CID_14218027 (2.470 A), indicating
that the compounds have a strong stabilizing interaction in the
binding pocket. CID_174880 showed comparable stability to
CID_14218027, with an average RMSD of 2.476 A. The control
ligand showed an average RMSD of 3.002 A, comparable to the
apo form, implying minimal stabilizing influence. Overall, the
average RMSD results confirm that CID_487089 forms the most
stable complex with 6GU7 during the MD simulation (Fig. 9A).

3.3.9.2. Root mean square fluctuation (RMSF). The residue-
level dynamics of the system were examined through RMSF anal-
ysis over the equilibrated phase of the simulation. As expected, the
apo protein showed the highest average fluctuation (1.571 A),
reflecting its greater structural freedom in the absence of a bound
ligand. In contrast, all ligand-bound complexes exhibited notice-
ably lower average RMSF values, suggesting that ligand interaction
contributes to a more stable and ordered residue environment.
Among the screened compounds, CID_174880 exhibited the
strongest stabilizing effect, as reflected by its lowest average RMSF
value (1.181 A), suggesting tight binding and effective restriction of
residue mobility. The control compound showed a moderate
decrease in flexibility (1.390 A), indicating a reasonable but less
pronounced stabilizing interaction. Meanwhile, CID_487089 and
CID_14218027 displayed intermediate stabilization, with average
RMSF values of 1.253 A and 1.375 A, respectively, implying
balanced binding interactions that reduce flexibility without overly
restricting protein dynamics (Fig. 9B).

3.3.9.3. Solvent-accessible surface area (SASA). SASA reflects
the solvent-exposed surface of a protein, with lower values
generally indicating greater ligand burial and potentially
stronger binding.”® Analysis of the 6GU7 protein complexes
revealed notable differences in solvent-accessible surface area
(SASA) among the ligands. The 6GU7_487089 complex exhibited
the highest average SASA value (148.17 A?), indicating a rela-
tively larger solvent-exposed surface and suggesting a less
compact binding conformation. In contrast, the 6GU7_174880
complex showed the lowest average SASA value (126.15 A%),
implying that the ligand is more deeply buried within the
binding pocket and forms a more compact and stable protein-
ligand interface. The 6GU7_14218027 (130.14 A% and control
complex (131.81 A% displayed intermediate SASA values,
reflecting moderately compact structural arrangements with
balanced solvent exposure. Overall, 6GU7_174880 demon-
strated the most favorable SASA profile in terms of structural
compactness, highlighting its potential as the most effective
stabilizing ligand among the tested compounds (Fig. 9C).

3.3.9.4. The radius of gyration (Ry). The radius of gyration
(Rg) is a key indicator of protein structural compactness and
stability in molecular dynamics simulations. In this study, the
control complex (6GU7_Control) exhibited a relatively high
average R, value (4.60 A), indicating a less compact conforma-
tion. Similarly, the 6GU7_487089 complex showed the highest
R, value among the ligand-bound systems (4.69 A), suggesting
comparatively lower compactness and weaker structural stabi-
lization. In contrast, 6GU7_14218027 (4.40 A) and 6GU7_174880
(4.44 A) displayed lower average R, values, reflecting more
compact and stable conformations. Among these,
6GU7_14218027 exhibited the lowest R, value, indicating the
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Fig. 7 3D (left) and 2D (right) interaction representations of CDK1 complexes: (A) 6GU7_487089, (B) 6GU7_174880, (C) 6GU7_14218027, and
(D) control (AZD5438), highlighting key hydrogen-bonding and hydrophobic interactions within the binding pocket.

highest degree of structural compactness and suggesting the control, with 6GU7_14218027 emerging as the most effec-
a stronger stabilizing effect on the protein. Overall, ligand tive stabilizer based on R, analysis, followed closely by
binding generally enhanced protein compactness compared to  6GU7_174880 (Fig. 9D).

Digital Discovery © 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 8 Graphical illustration of the re-docking procedure and superimposition between the co-crystalize ligand (green) and the re-docked co-

crystal ligand (blue) using GLIDE docking.
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Fig. 9 Molecular dynamics analysis of CDK1 (PDB ID: 6GU7) in complex with three test ligands (6GU7_487089, 6GU7_174880, and
6GU7_14218027) and the reference ligand (6GU7_Control) over 100 ns. (A) RMSD, (B) RMSF, (C) SASA, and (D) Ry profiles.

3.3.10. Post simulation MMGBSA analysis. The post simu-
lation MMGBSA analysis of 6GU7_487089, 6GU7_174880,
6GU7_14218027, and the reference ligand complex (6GU7_
AZD5438) against CDK1 (PDB ID: 6GU7) was performed over the
100 ns MD simulation (Fig. 10). The 6GU7_487089 complex
exhibited the most favorable binding free energy
(—40.29 kecal mol™'), indicating the strongest and most stable
interaction with the target protein. This was followed by

© 2026 The Author(s). Published by the Royal Society of Chemistry

6GU7_174880 (—36.06 kcal mol '), which also demonstrated
a relatively strong binding affinity. In contrast, 6GU7_14218027
(=29.13 kecal mol™") and the control complex
(—29.53 keal mol ") showed comparatively higher AG values,
suggesting weaker binding interactions. Notably, the binding
affinity of 6GU7_14218027 was slightly lower than that of the
control, indicating limited improvement over the reference
ligand. Overall, 6GU7_487089 emerged as the most promising
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Fig. 10

candidate with the highest binding affinity, followed by
6GU7_174880. These findings are consistent with their favor-
able stability profiles observed in molecular dynamics simula-
tions, further supporting their potential as effective inhibitors.

3.3.11. Principal component analysis. To understand how
each ligand influenced the overall motion of the protein, we
performed a Principal Component Analysis (PCA). Among the
studied complexes, 6GU7_174880 showed the highest contri-
bution in PC1 (44.97%), which was very close to the control
complex, 6GU7_AZD5438 (44.18%). This suggests that most of
the protein's motion in the presence of ligand CID_174880 is
mainly concentrated in one dominant direction. Such a pattern
usually indicates a more stable and well-defined conforma-
tional movement, similar to that observed for the reference
inhibitor. On the other hand, 6GU7_487089 and
6GU7_14218027 showed lower PC1 values, with 31.37% and
30.43%, respectively. At the same time, these two complexes
had relatively higher contributions in PC2 and PC3, especially
PC2 values of 16.13% and 17.88%. This may indicate that the
protein motion is spread across more than one direction, sug-
gesting comparatively higher flexibility and the possibility of
multiple conformational changes during the simulation period.
For the control complex, the contributions of the first three
principal components were 44.18% (PC1), 10.85% (PC2), and
7.21% (PC3), which reflects a stable dynamic behavior of the
protein-ligand complex. Interestingly, the PCA profile of
6GU7_174880 was found to be quite similar to that of the
control, which may support its potential as a promising ligand
with favorable binding stability. In contrast, the higher PC2 and
PC3 values observed for 6GU7_487089 and 6GU7_14218027

Digital Discovery

Comparative MM/GBSA free energy analysis of ligand-bound and control CDK1 systems.

suggest that these complexes may have relatively more flexible
interaction patterns with the target protein (Fig. S4).

3.3.12. Gibbs free energy landscape (FEL) analysis. The
Gibbs free energy landscape (FEL) analysis was carried out to
explore the conformational stability and energy minima of the
6GU7 protein in complex with the selected ligands and the
reference control. In the FEL plots, the dark blue regions
represent the lowest energy states, indicating the most stable
conformations sampled during the simulation. Among the
studied complexes, 6GU7_174880 (Fig. S5B) and the control
complex, 6GU7_AZD5438 (Fig. S5D), showed a well-defined and
deep energy basin with a comparatively compact distribution.
This suggests that both complexes remained in a more stable
conformational state throughout the simulation and experi-
enced less conformational fluctuations. The similarity between
the ligand CID_174880 and the control indicates that this
compound may induce a stable binding conformation compa-
rable to the reference inhibitor. In contrast, 6GU7_487089
(Fig. S5A) displayed a broader low-energy basin with a relatively
wider spread across the conformational space. This may indi-
cate that the complex explored multiple conformational states
during the simulation, suggesting a comparatively more flexible
dynamic behavior. Similarly, 6GU7_14218027 (Fig. S5C) also
showed an extended energy basin with noticeable spreading of
the low-energy region. Such a pattern may reflect the presence
of multiple metastable conformations and greater structural
flexibility compared with the control complex. Overall, the FEL
results suggest that 6GU7_174880 exhibited a more stable
conformational landscape that closely resembles the control,
whereas 6GU7_487089 and 6GU7_14218027 showed relatively

© 2026 The Author(s). Published by the Royal Society of Chemistry
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broader energy minima, indicating more flexible binding-
associated motions (Fig. S5).

3.4. Pharmacokinetics study

3.4.1. Physicochemical and ADME properties prediction.
The physicochemical and ADME properties of the selected
phytochemicals were evaluated and compared with the refer-
ence control compound, AZD5438, to assess their drug-likeness
and pharmacokinetic suitability. The molecular weight of all
selected compounds was found to be within an acceptable
range for oral drug candidates, ranging from 340.37 to 424.49 ¢
mol ', which is comparable to the control (371.46 g mol ).
Similarly, the topological polar surface area (TPSA) values of the
phytochemicals (86.99-110.13 A*) were also within the favorable
range, suggesting good membrane permeability and absorption
potential. The consensus logP values varied among the
compounds, where CID_487089 (4.35) showed relatively higher
lipophilicity compared to the control (2.51), while CID_174880
(1.87) and CID_14218027 (3.33) remained within an acceptable
range. All selected phytochemicals showed high gastrointes-
tinal (GI) absorption, similar to the control compound, indi-
cating their potential suitability for oral administration. In
addition, CID_487089 and CID_14218027 were predicted as
non-substrates of P-glycoprotein (P-gp), similar to the control,
whereas CID_174880 was identified as a P-gp substrate, which
may slightly influence its cellular efflux behavior. None of the
compounds violated Lipinski's rule of five, Veber's rule, Egan
rule, or Ghose filter (0 violations of all compounds), and this
once again indicates that they had good drug-likeness
properties.”*®> None of the compounds, including the
control, were predicted to be BBB permeant, which may reduce
the possibility of central nervous system-related side effects.'*
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The bioavailability score was 0.55 for all selected compounds,
which is comparable to the control and suggests favorable oral
bioavailability. Regarding structural alerts, CID_14218027
demonstrated a more favorable profile with no PAINS alert and
only one Brenk alert, whereas CID_487089 and CID_174880
showed relatively higher alert counts. Among the evaluated
compounds, CID_14218027 exhibited broad-spectrum inhibi-
tion across all major CYP isoforms (CYP1A2, CYP2C19, CYP2C9,
CYP2D6, and CYP3A4), indicating a high likelihood of meta-
bolic interference and an increased risk of drug-drug interac-
tions. In contrast, CID_487089 showed selective inhibition of
CYP2C9 and CYP3A4, suggesting a comparatively moderate
interaction risk. Notably, CID_174880 demonstrated no inhib-
itory activity against any of the assessed CYP enzymes, reflecting
a more favorable metabolic profile with minimal risk of CYP-
mediated interactions. The control compound also inhibited
CYP2C9 and CYP3A4, further emphasizing that compounds
with minimal or no CYP inhibition, such as CID_174880, are
more desirable from a pharmacokinetic and safety perspective.
The detailed physicochemical and ADME parameters of all
compounds are summarized in Table S10, and their overall
ADME profiles are visualized in Fig. 11.

3.4.2. Toxicity analysis. The toxicity assessment revealed
that all three selected phytochemicals exhibited a favorable
safety profile with no predicted hepatotoxicity, neurotoxicity,
cardiotoxicity, mutagenicity, or cytotoxicity. However, all
compounds showed potential respiratory toxicity, similar to the
reference drug AZD5438, suggesting a possible target-related
adverse effect. Notably, the phytochemicals demonstrated
immunotoxicity, whereas the control compound was inactive in
this regard, indicating a limitation of the selected ligands.
Importantly, none of the compounds were predicted to be
carcinogenic, in contrast to the control drug, highlighting
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Fig. 11 Physicochemical and ADME-related property comparison of CID_487089, CID_174880, CID_14218027 and control AZD5438.
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Table 4 Predicted toxicity profiles of selected lung cancer drug candidates (CID_487089, CID_174880, and CID_14218027) and control

(AZD5438)

Target CID_487089 CID_174880 CID_14218027 Control (AZD5438)
Hepatotoxicity Inactive Inactive Inactive Inactive
Neurotoxicity Inactive Inactive Inactive Inactive
Cardiotoxicity Inactive Inactive Inactive Inactive
Respiratory toxicity Active Active Active Active
Immunotoxicity Active Active Active Inactive
Carcinogenicity Inactive Inactive Inactive Active
Mutagenicity Inactive Inactive Inactive Inactive
Cytotoxicity Inactive Inactive Inactive Inactive
LD;, mg kg ™! 10 300 2000 500
Toxicity class 2 3 4 4

a significant safety advantage. Based on LDs, values and toxicity
classification, CID_14218027 emerged as the safest candidate
with low acute toxicity (Class 4), whereas CID_487089 showed
high toxicity (Class 2), making it less suitable for further
development (Table 4). Therefore, comprehensive experimental
validation is essential to confirm the safety and therapeutic
applicability of these compounds.

4. Discussion

Lung cancer is one of the most detrimental malignancies in the
entire world. It grows fast, is often detected late, and does not
respond well to available treatments.> These challenges high-
light the need for new treatments guided by a clear strategy for
finding targets and developing drugs. Using transcriptomic
profiling, network analysis, pathway studies, and computer-
based drug discovery, this research systematically identified
a key molecular target in lung cancer and proposed a drug to
target it. Transcriptomics is the study of all RNA molecules
produced in a cell, helping us understand which genes are
active and how their activity changes under different condi-
tions.' In cancer research, it's often used to find important
targets because cancer cells tend to show unusual patterns of
gene activity compared to normal cells.'® However, the results
from a single dataset can be affected by technical differences,
experimental platforms, or variations among populations. To
address this, four independent GEO microarray datasets
(GSE19804, GSE10072, GSE18842, and GSE10799) were
analyzed across different patient groups (case and control).
From this combined analysis, 88 genes were consistently
upregulated and 294 genes were downregulated. Repeated
changes in these certain genes suggest a real connection to this
cancer. After identifying these common differentially expressed
genes, we studied how their proteins interact. The strong
enrichment of the protein-protein interaction (PPI) network
indicates that these connections are not random, showing a real
biological relationship between these genes in lung cancer.
Then, based on this PPI network we identified the major key
hub genes (kHGs) using several analytical methods, which
ensured that our results were robust and not dependent on
a single approach. Among these interactions, cyclin dependent
kinase 1 (CDK1) showed the highest number of interactions,

Digital Discovery

suggesting that it may play a central role in regulating impor-
tant cancer-related processes. To clarify the regulation of kHGs,
we analyzed their interactions with transcription factors (TFs)
and microRNAs (miRNAs). Network analysis (Fig. 4) identified
FOXC1, GATA2, YY1, E2F1, and HINFP as major TFs, while hsa-
miR-192-5p, hsa-miR-92a-3p, hsa-miR-193b-3p, hsa-miR-215-
5p, and hsa-miR-155-5p were identified as central miRNA
regulators. The study of TFs and miRNAs revealed important
hints on the regulation of kHGs at the different levels. Tran-
scription factors are known to activate the expression of
genes,'*® whereas the miRNAs are known to regulate the activity
of genes once they are transcribed.'® This combined method
enabled us to determine vital regulatory factors which could
contribute to dysregulated gene expression in lung cancer and
gives a clear understanding for further functional and thera-
peutic studies. Moreover, we performed functional enrichment
analyses (GO and KEGG) using multiple pathway databases to
understand the role of these hub genes in lung cancer cells.
These enrichment results indicate that lung cancer progression
is driven by widespread disruption of cell cycle regulation,
mitotic structure, and signaling control rather than by isolated
gene alterations. The overall involvement of CDK1 in key
mitotic events, strong kinase activity, and extensive interaction
with other cell cycle regulators suggest that it functions as
a major coordinator of uncontrolled cell division in lung cancer.
Thus, this central and recurring role makes CDK1 the most
promising candidate for further functional validation and
therapeutic exploration.

The reason why LUAD was chosen as a validation is because
it is the most prevalent type of lung cancer and it accounts for
a substantial percentage of the cases of lung cancer, compared
to other types.'® Multiple analyses of expressions in different
independent platforms indicated that CDK1 is not only tran-
scriptionally upregulated but also overexpressed at the protein
level in LUAD. In addition, the patients whose CDK1 level was
higher had poorer survival and earlier recurrence, which is an
obvious clinical effect. In addition to expression, the correlation
of CDK1 and immune cell infiltration indicates that its activity
moves beyond the expression to influence the tumor microen-
vironment, especially at the T-cell subsets and macrophage
polarization. This implies that CDK1 can regulate tumor growth
and immune response. Lastly, the somatic mutations and copy
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number changes observed in CDK1 contribute to the oncogenic
significance of this protein in a group of LUAD patients. From
a biological perspective, CDK1 is more than a statistically
prioritized hub gene. As a key regulator of the G2/M transition
and mitotic entry, CDK1 promotes sustained tumor cell prolif-
eration when aberrantly activated. Prior studies in lung cancer
have also linked elevated CDK1 expression with poor survival,
enhanced cell-cycle and DNA-repair signaling, and altered
immune-associated pathways in LUAD.'*"*° These observations
strengthen the view that CDK1 may act as a functionally
important driver of lung cancer progression and a rational
candidate for therapeutic targeting.

In this study, we used a structure-based drug discovery
approach to efficiently screen a large library of phytochemi-
cals."" In this field, the integration of machine learning (ML),
molecular docking, and molecular dynamics (MD) simulation
studies has transformed the identification and optimization of
novel drug candidates.">'* We performed cheminformatics-
based screening procedure to screen physicochemical and
drug-likeness properties of 9577 phytocompounds. After
removing duplicate entries and unwanted sub-structures, we
finally obtained 2113 phytocompounds, among which 1802
showed no violations of RO5 and Veber's rule. ML is revolu-
tionizing the computational drug discovery approach by
reducing traditional experimental time and cost. ML is the best
option to calculate the bioactivity of a large dataset with high
accuracy within a very short time.'™ To identify the most
promising candidates, we applied a ML-based pIC50 prediction
model, which helped us identify compounds with higher
chances of biological activity. This step reduced the dataset to
identify most potential 380 phytocompounds with pIC50 > 6.5
for further computational analysis, including molecular dock-
ing, molecular dynamics simulation, and pharmacokinetics
analysis. The docking results and post docking MM-GBSA
binding energy (AG) highlighted the top-ranked three phyto-
chemicals (CID_487089, CID_174880, and CID_14218027) as
candidate drug molecules.

Furthermore, molecular dynamics (MD) simulations were
used to understand how the selected phytochemicals interact
with CDK1 over time. While the apo protein and AZD5438-
bound complex showed noticeable structural fluctuations, all
phytochemical-bound systems exhibited improved stability
throughout the 100 ns simulation. Notably, CID_174880
consistently outperformed the control compound by main-
taining lower RMSD and RMSF values (Fig. 9), indicating
a stronger and more stable binding mode. Structural
compactness analyses further highlighted this difference. The
CID_174880 complex showed the lowest SASA and a tightly
maintained R,, reflecting deeper ligand burial and a more
compact protein structure than AZD5438."*° In contrast, the
control complex remained relatively solvent-exposed and flex-
ible, suggesting weaker stabilization of CDK1. Post-simulation
MM-GBSA results further supported these findings, with
CID_487089 showing the most favorable binding free energy
(—40.29  kcal mol™"), followed by  CID_174880
(—36.06 kcal mol ™), both outperforming the control AZD5438
(—29.53 kcal mol'). Dynamic motion analysis using PCA
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showed clear differences between the control compound
(AZD5438) and the phytochemicals,'*® which suggests a better
fit between the ligand and the binding site. Also, the FEL
analysis further supported these findings by demonstrating the
stability and conformational states of the ligand-protein inter-
actions. Among the studied compounds, CID_174880 showed
a dynamic and energy profile closely comparable to the control,
suggesting favorable binding stability. The control compound
was predicted to be carcinogenic, while none of the phyto-
chemicals showed this risk, indicating better overall safety.
However, all compounds exhibited some potential respiratory
toxicity, and the phytochemicals also showed immunotoxic
effects, which may limit their development. Based on LDs,
values and toxicity classes, CID_14218027 was the safest (Class
4), whereas CID_487089 showed higher toxicity (Class 2).
CID_174880 displayed a toxicity profile close to the control but
with slightly improved safety. Overall, CID_174880 demon-
strated promising inhibitory potential with comparatively better
safety profiles than the control compound. Therefore, this study
could be a useful resource to identify natural CDK1 inhibitors
after being validated through the experimental (in vivo & in vitro)
study.

5. Conclusion

This paper displays CDK1 as an important lung cancer driver,
disrupting the cell cycle, p53 pathway, and immune microen-
vironment, such as augmented M1 macrophages, diminished
M2 polarization, and unfavorable prognosis owing to over-
expression and mutations, including 1136N and E57V. These
discoveries indicate a shared vulnerability in lung cancer, which
puts mitotic dysregulation as one of the prospective treatment
targets. Among the phytochemicals evaluated, lactupicrin
(CID_174880), derived from Cichorium intybus, emerged as the
most promising in silico prioritized candidate compared with
the reference compound AZD5438, based on its favorable
docking performance, structural stability, dynamic behavior,
and predicted pharmacokinetic and toxicity profiles. Although
minor fluctuations were observed in some metrics, all CDK1
complexes maintained overall stability and compatibility.
Docking results, MD simulations, MM-GBSA calculations and
ADMET analyses consistently support lactupicrin as a compu-
tationally prioritized candidate for further development.
Further experimental validation, including in vitro biochemical
assays, cell-based functional studies, and in vivo investigations,
is required to confirm CDK1 inhibitory activity, anticancer
efficacy, and safety. Overall, this research provides a clear
workflow for identifying effective CDK1-targeting compounds
and offers a roadmap for developing broad-spectrum,
mechanism-based therapies for lung cancer, bridging compu-
tational predictions with potential real-world applications.

6. Limitations of this study

Although this study applied a comprehensive multiomics and in
silico approach, several limitations should be considered. First,
the transcriptomic analysis was based solely on publicly
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available microarray datasets, which may be affected by batch
effects, platform-related biases, and limited clinical informa-
tion. While using four independent cohorts improves reliability,
the absence of RNA-seq data may limit the ability to capture
finer gene expression variability. Second, the drug discovery
pipeline, including machine learning predictions, molecular
docking, MM-GBSA analysis, MD simulations, and ADEMT,
relies entirely on computational models. Although these
methods are useful for prioritizing candidates, they cannot fully
represent the complexity of biological systems, tumor hetero-
geneity, or real pharmacodynamic behavior. Finally, the iden-
tified drug candidates, especially lactupicrin, have not yet been
validated in vitro or in vivo models. Therefore, the therapeutic
potential, optimal dosage, and safety profiles of the candidate
drugs still need to be confirmed through experimental
validation.
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