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ABSTRACT: Non-small cell lung cancer (NSCLC) is primarily lethal due to its high metastatic potential. In this study, we 
hypothesize to identify effective therapeutic targets and natural compounds to inhibit metastasis in NSCLC through an integrated 
computational framework that uses differential expression (DE) analysis, gene-interaction network analysis using mathematical 
modelling, virtual screening of natural compounds, and artificial intelligence. TCGA (The Cancer Genome Atlas) and GEO 
(Gene Expression Omnibus) were used to extract gene expression and clinical data. DE analysis was performed, and significant 
(p-value < 0.05) genes were identified. After validation for metastatic outcome, a final gene list of 850 genes was retained, 
which was analyzed using Reactome to map important pathways. STRING and Cytoscape were used for network construction 
and analysis. The top 10 hub genes were identified based on computed topological parameters. The genes were modelled with 
nonlinear ordinary differential equations (ODEs) to construct a dynamic network. The intersection of the top genes of static and 
dynamic networks presented 9 common genes. From the top genes, BUB1 was shortlisted as the most important and relatively 
lesser-explored therapeutic target in NSCLC metastasis literature, based on a review of prior studies. Virtual Screening of natural 
compounds was run for BUB1, followed by building an artificial intelligence (AI) model for prioritization and feature-based 
interpretation of high-activity candidates. Thus, this study integrates gene expression data, network biology, dynamic systems 
modeling, and AI-augmented virtual screening to uncover regulatory hubs and therapeutic leads in NSCLC metastasis.
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�   Introduction
Lung cancer is one of the most common and leading caus-

es of cancer deaths worldwide, with NSCLC (non-small cell 
lung cancer) being the most prevalent subtype.1 Metastasis, the 
primary contributor to lung cancer mortality due to its ability 
to spread the disease systemically, has become a major focus 
of interest, particularly in the application of bioinformatics 
and artificial intelligence (AI).2 From 2014 to 2018, the an-
nual decline in lung cancer mortality in the U.S. accelerated to 
5.5% in men and 4.4% in women, driven largely by advances 
in treatment for non-small cell lung cancer (NSCLC), whose 
two-year relative survival rate improved from 34% (2009–
2010) to 42% (2015–2016). Despite these gains, NSCLC still 
accounts for the majority of lung cancer-related deaths.3, 4 The 
Indian subcontinent has a lower incidence rate of about 6.6 
per 100,000 between 1990 and 2016 (10.3 to 11.2 in men and 
from 2.6 to 4.5 in women).5 Lung cancer metastasis involves 
complex molecular signaling, particularly through protein–
protein interactions that drive tumor spread.6 Understanding 
these interactions is critical for identifying novel therapeutic 
targets and early biomarkers. Natural compounds have shown 
promise in inhibiting metastatic proteins but require computa-
tional modelling for effective screening.2, 7 

Although previous studies have mapped critical oncogenic 
pathways, predictive models integrating AI and PPI (protein–
protein interaction) data remain limited. While traditional 
methods struggle to handle the high complexity and diversity 
of cancer metastasis, AI can significantly enhance the pre-

diction of key metastatic drivers and their inhibition through 
in silico screening.8 This integration can significantly bolster 
precision medicine efforts, with notable benefits for person-
alized cancer therapy. Major initiatives such as the TCGA 
(The Cancer Genome Atlas) and the Human Protein Atlas are 
attempting to investigate and better understand the molecu-
lar-level interactions behind metastasis.9 Currently, the USA is 
the global leader in the development of AI-based mathematical 
modelling (use of algorithms to simulate biological behaviors 
and predict outcomes in complex systems) and drug discovery 
platforms to identify novel methods to target metastasis.3 

Seven national bodies like ICMR, DBT, and CSIR are fund-
ing projects integrating bioinformatics and network biology (a 
systems biology approach to study interactions between bio-
logical entities) to combat cancer.10 Furthermore, India has rich 
biodiversity, leading to increased interest in natural compound 
inhibition (the process of blocking disease-related proteins us-
ing naturally derived chemical compounds) as an anti-cancer 
drug.11 AI and ML (machine learning) tools can swiftly an-
alyze vast biological and medical datasets to predict protein 
functions, interactions, identify drug targets, and simulate 
molecular interactions.8, 12 In cancer research, AI models can 
detect hidden patterns in multi-omics data to forecast meta-
static potential.13 In the U.S. and India, AI is becoming central 
in drug repurposing, natural compound screening, and oncol-
ogy diagnostics, with ML algorithms such as random forests, 
support vector machines, and deep learning models being used 
for PPI prediction.14
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Natural compound studies often rely on wet-lab approaches, 
which are time and resource-consuming, with computation-
al approaches being generally underutilized.15 Collaborations 
between AI developers and life scientists are still limited, 
and most research focuses on individual omics layers, rare-
ly integrating multi-omics and network data.16 Thus, it was 
hypothesized that AI-driven mathematical modelling, when 
integrated with network biology, can accurately predict PPIs 
driving NSCLC metastasis. Additionally, the computational 
screening of natural compound libraries can identify potential 
natural compound metastasis inhibitors, aiding drug devel-
opment. The main objective of this paper is to contribute to 
the early prediction and prevention of metastasis in NSCLC 
patients, enable faster drug discovery by identifying bioactive 
natural compounds through AI models, and support the us-
age of indigenous medicinal compounds for cancer treatment, 
while contributing globally to the evolving AI-oncology in-
tersection.

�   Methods
Data Collection and Pre-processing:
A multi-stage data collection and filtering process was used 

to identify robust gene candidates involved in NSCLC, in-
tegrating transcriptomic datasets from multiple sources and 
taking rigorous pre-processing steps. Differentially expressed 
genes were initially obtained from a TCGA-based dataset 
available on the Lung Cancer Explorer (LCE) portal. Both 
of the subtypes of LUAD (lung adenocarcinoma) and LUSC 
(lung squamous cell carcinoma) were taken into account 
during the analysis to ensure comprehensive subtype cover-
age. Non-coding and microRNA entries were filtered from the 
original dataset, with only protein-coding transcripts of likely 
functional significance retained. An adjusted p-value threshold 
of < 0.05 was chosen to pick up statistically significant genes, 
with a standardized mean difference (SMD) threshold of > 
0.5 chosen to secure practical biological significance. SMD is 
a measure of effect size that expresses the difference between 
two group means relative to the variability (standard deviation) 
of the data, allowing comparison across studies with different 
measurement scales. Additionally, only genes were retained 
that were directionally consistent in both LUAD and LUSC, 
displaying uniform upregulation or uniform downregulation. 
To complement this data, expression and clinical metadata for 
LUAD and LUSC were retrieved from The Cancer Genome 
Atlas (TCGA) via the cBioportal platform. Only diploid sam-
ples, defined as exhibiting a regular genomic copy number 
without significant amplification or deletion, were selected 
for analysis. The dataset included z-score normalized mRNA 
expression data for both LUAD and LUSC diploid samples. 
Only those showing consistent upregulation or downregula-
tion in both LUAD and LUSC subtypes were kept.

To further validate and emphasize relevance to cancer me-
tastasis, three additional datasets were selected from the Gene 
Expression Omnibus (GEO): GSE161116, GSE166720, and 
GSE263726. These datasets were chosen based on their asso-
ciation with metastatic character in NSCLC. Specifically, they 
were prioritized because they included clear metastatic versus 

non-metastatic annotations (or metastatic stage grouping) and 
sufficient sample sizes to support reliable differential expres-
sion analysis. The DEG (differentially expressed gene(s)) lists 
for each of these datasets were generated using GEO2R, an 
in-built tool within GEO that implements standard statistical 
procedures to identify differentially expressed genes between 
two or more experimental groups. Default thresholds applied 
by GEO2R were used for the analysis, including a p-value 
cut-off of less than 0.05. The DEGs identified from each of 
the three studies were combined into a unified GEO-sourced 
DEG list. The union of the GEO-derived DEGs was inter-
sected with the curated LCE–cBioPortal gene list to produce 
a final gene list.

Protein-Protein Interaction (PPI) Network Construction 
and Pathway Analysis:

To evaluate the structural relationships between me-
tastasis-associated genes in NSCLC, a PPI network was 
constructed. The final list of 850 DEGs was queried against 
the STRING database using a custom Python script that 
implemented batch submission of gene symbols. The script 
parsed STRING’s API and filtered results to include only in-
teractions with a combined score ≥ 0.7 and limited to Homo 
sapiens. The resulting interaction table (in TSV ‘tab-separated 
values’ format) included columns for interacting protein pairs, 
interaction scores, and evidence types. This interaction matrix 
was imported into the Cytoscape software. Within Cytoscape, 
the Network Analyzer plugin computed multiple topological 
parameters. To gain functional insight into the metastasis-as-
sociated genes identified through expression integration and 
network modeling, pathway enrichment analysis was con-
ducted using the Reactome Pathway Database. Statistical 
significance was determined using hypergeometric testing 
with Benjamini–Hochberg correction to control the false dis-
covery rate (FDR).

Dynamic Modelling of PPI Networks:
While centrality highlights structurally important hubs, dy-

namic modeling evaluates how these genes behave over time 
under regulatory interactions, helping distinguish consistently 
influential drivers from nodes that are merely well connected. 
To simulate dynamic regulatory behavior within this network, 
a non-linear ODE model was implemented to capture the 
time evolution of protein concentrations across all the genes. A 
non-linear ordinary differential equation is an ODE in which 
the unknown function or its derivatives appear with powers, 
products, or other non-linear functions, so the equation cannot 
be written as a sum of terms where the function and its deriv-
atives are only to the first power multiplied by functions of the 
independent variable. Each gene was modelled by the nonlin-
ear equation dx/dt = α − βx + A⋅x². Both α and β were fixed 
at 1 across all genes, simplifying the dynamics while retain-
ing general biochemical interpretability. Initial activity levels 
for each gene were randomly initialized within the range of 
0.01 to 0.1 to mimic low resting expression. Simulations were 
conducted over 100 discrete time steps using the LSODA al-
gorithm through SciPy's solve_ivp function, which adaptively 
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handles stiff and non-stiff systems. All simulation parameters, 
including step size and tolerances, were held constant across 
the entire gene set. The model produced a time-series matrix 
of gene expression trajectories. All the genes were retained 
throughout the simulation, and their dynamic profiles were 
ranked based on convergence behavior.

Virtual Screening of BUB1:
Molecular docking was performed to explore therapeutic 

inhibition of the key metastasis-associated gene BUB1. An 
in silico pipeline based on PyRx, AutoDock Tools, and Open 
Babel was used for the analysis. The 3D crystal structure of 
BUB1 was obtained from the RCSB Protein Data Bank in 
PDB (Protein Data Bank) format. The structure was pre-pro-
cessed before docking using AutoDock Tools (ADT). This 
included: the removal of all water molecules, the addition of 
polar hydrogens to support accurate hydrogen bonding inter-
actions, and the assignment of Kollman charges to all atoms. 
The following structure was then converted into PDBQT 
(AutoDock Protein Data Bank format with partial charges and 
atom types) format. For ligand preparation, a library of natural 
compounds was sourced from PubChem in SDF (Structure 
Data File) format and imported into PyRx. Using the Open 
Babel module integrated within PyRx, the compounds were 
converted into 3D conformers and energy-minimized using 
the MMFF94 force field to optimize their geometry. These 
processed ligands were then exported into PDBQT format, 
which is required for docking. A blind docking approach was 
employed to scan the entire surface of the BUB1 protein for 
potential binding sites. Within PyRx, the docking grid box 
was configured to encompass the full macromolecule to ensure 
that no potential binding cavity was overlooked. The center 
and dimensions of the grid box were manually set based on 
visual inspection of the protein’s structure.  Docking grid pa-
rameters were optimized once for the BUB1 binding site and 
then reused unchanged across all ligands to ensure consistent 
sampling and reproducibility. Docking was conducted using 
AutoDock Vina through the Vina Wizard interface in PyRx. 
Flexible ligand docking was performed against the prepared 
BUB1 protein, with AutoDock Vina applying its scoring algo-
rithm to estimate binding affinities. The results were reported 
as binding free energies (ΔG, in kcal/mol), where more neg-
ative values indicated stronger predicted binding interactions. 
Following molecular docking, the top five ligands ranked by 
binding affinity were selected for detailed interaction analysis 
using BIOVIA Discovery Studio Visualizer. Upon opening 
each complex in Discovery Studio, the protein and ligand 
chains were visually inspected. For each loaded complex, the 
built-in "Receptor-Ligand Interactions" protocol was execut-
ed. 

Machine Learning Model:
A supervised machine learning approach was implemented 

to predict the binding potential of natural compounds target-
ing the BUB1 protein. These compounds had previously been 
screened in the molecular docking pipeline and were selected 
from a curated natural product library retrieved from Pub-

Chem. The physicochemical descriptors of the ligands, such 
as molecular weight, topological polar surface area (TPSA), 
XLogP, the number of hydrogen bond donors and acceptors, 
rotatable bonds, and several additional drug-likeness indi-
cators, were used as the feature set. TPSA is the sum of the 
surface areas of all polar atoms (typically oxygen and nitrogen) 
and their attached hydrogens in a molecule’s 2D structure, 
used as a predictor of permeability and drug absorption. All 
descriptor data were compiled into a single feature matrix and 
paired with binary classification labels based on binding energy 
values derived from AutoDock Vina simulations. Compounds 
showing binding energies of −7.0 kcal/mol or better were la-
belled as 'active' and assigned a value of 1. Those with less 
favorable binding affinities were labelled 0. This threshold was 
selected to distinguish strong binders from weaker candidates 
while keeping the classification criterion both interpretable 
and stringent. The dataset was split into training and testing 
sets using an 80:20 ratio, with stratified sampling to maintain 
class distribution. Model performance was evaluated on the 
held-out test set using accuracy and ROC-AUC (with pre-
cision, recall, and F1-score reported as supporting metrics) 
to verify that predictive performance generalized beyond the 
training data. To interpret the influence of individual features 
on model output, SHAP (SHapley Additive exPlanations) 
values were computed using TreeExplainer. The SHAP sum-
mary plot highlighted the key features. In addition to binary 
class predictions, the model also generated probability scores 
for each compound using the predict_proba function. These 
confidence scores indicated the model's certainty in classify-
ing a ligand as active and were subsequently used to prioritize 
candidates for downstream consideration. A final ranked list 
containing compound identifiers, predicted probabilities, and 
classification labels was exported for use in compound selec-
tion workflows.

�   Results and Discussion 
Identif ication of Differentially Expressed Genes Across NS-

CLC Subtypes:
From the TCGA datasets, genes were considered differen-

tially expressed based on standardized expression differences 
computed across metastatic and non-metastatic samples. In 
lung adenocarcinoma (LUAD), a total of 11,692 genes were 
differentially expressed, of which 7,066 were upregulat-
ed, and 4,626 were downregulated. Similarly, analysis of the 
lung squamous cell carcinoma (LUSC) dataset identified 
12,039 differentially expressed genes (DEGs), including 
6,799 upregulated and 5,240 downregulated. The intersec-
tion yielded 6,032 genes that were consistently upregulated or 
downregulated across both NSCLC subtypes. After perform-
ing DE analysis for chosen IDs, GSE161116, GSE166720, 
and GSE263726, a separate number of DEGs were identified 
for each. These GSE IDs were selected based on the presence 
of well-annotated metastatic phenotypes and control groups. 
GSE161116 returned 352 DEGs, 342 of which were down-
regulated. GSE166720 and GSE263726 identified 13,374 
and 7,819 DEGs, respectively, with distributions that included 
both upregulated and downregulated candidates (Figure 1). 
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Dynamic Modeling of Network Behavior:
To model the dynamic regulatory behavior of metas-

tasis-associated genes in NSCLC, a nonlinear ordinary 
differential equation (ODE) simulation was employed using 
the STRING-derived protein–protein interaction (PPI) net-
work. The validated list of 858 genes was mapped onto the 
network, and the corresponding adjacency matrix was extracted. 
Each node represented a protein and was modelled according 
to the equation dx/dt = α − βx + A·x², where x is the protein 
activity level, α is the synthesis rate, β is the degradation rate, 
and A is the weighted adjacency matrix. Initial conditions were 
randomly sampled between 0.01 and 0.1 to reflect low basal ac-
tivity. Simulations were conducted for 50 time steps using the 
LSODA solver in SciPy’s solve_ivp module. Nodes exhibiting 
oscillatory or null behavior were filtered out. A node was con-
sidered oscillatory if the time-series profile exhibited multiple 

After consolidation and removal of duplicates, the GEO-de-
rived DEG pool comprised 16,861 unique genes. To establish 
a final metastasis-associated signature, the 6,032 subtype-con-
sistent TCGA genes were intersected with the GEO-derived 
DEG pool. This cross-validation step resulted in a core set of 
858 genes that were reproducibly dysregulated in both large-
scale RNA-seq and independent microarray datasets. These 
858 genes represent highly statistically robust and biologically 
validated candidates associated with NSCLC metastasis.

Network Construction and Hub Gene Identif ication:
The functional relationships among the 858 GEO-vali-

dated genes implicated in NSCLC metastasis were mapped 
in the form of a protein–protein interaction (PPI) network. 
The resulting network consisted of 858 nodes and 5,321 un-
directed edges, indicating a densely interconnected regulatory 
architecture (Figure 2). Topological features, including degree, 
betweenness, closeness, and clustering coefficient, were com-
puted for each gene. Degree centrality was prioritized as the 
primary measure of node importance due to its intuitive repre-
sentation of connectivity. Based on all these centrality metrics, 
the ten most highly connected hub genes were identified (Ta-
ble 1). Among these, BRCA1 showed the highest degree with 
67 direct connections, marking it as a key regulatory node 
within the network.
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Figure 1: Differentially expressed genes in NSCLC metastasis studies from 
GEO (GSE161116, GSE166720, GSE263726). Volcano plots showing 
differential gene expression across the three GEO datasets. Each point 
represents a gene, plotted by log₂ fold change (x-axis) and −log₁₀ adjusted 
p-value (y-axis). Genes with statistically significant differential expression 
(adj p-value < 0.05) are colored: upregulated genes in red, downregulated 
genes in blue, and non-significant genes in black. These plots highlight the 
distribution and magnitude of transcriptional dysregulation between control 
and metastatic lung cancer samples in each study.

Figure 2: A Protein–Protein Interaction (PPI) Network of DEGs derived 
from TCGA (LUAD and LUSC) and GEO (GSE161116, GSE166720, 
GSE263726). The full PPI network was constructed using the STRING 
database for the 858 GEO-validated, TCGA-consistent differentially 
expressed genes (858 nodes; 5,321 edges). Round nodes represent proteins 
and edges indicate high-confidence interactions (combined score > 0.7).

Table 1: Summary of Top 10 Hub Genes Identified from Static Centrality 
Analysis of the NSCLC Metastasis Network. The table lists the top 10 hub 
genes ranked by degree centrality in the STRING-derived protein–protein 
interaction (PPI) network of 858 GEO-validated metastasis-associated genes.
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Pathway Enrichment Analysis:
After performing pathway analysis, a total of 107 pathways 

were significantly enriched (FDR < 0.05), with the majori-
ty clustering around cell cycle regulation, DNA replication, 
and checkpoint transitions. The top five enriched pathways 
identified were Mitotic G1 phase and G1/S transition, Cell 
Cycle, Mitotic, G1/S Transition, and Cell Cycle Checkpoints. 
These pathways collectively cover a substantial portion of the 
functional landscape defined by the 858-gene panel. Their 
prominence suggests a tightly regulated disruption of cell cycle 
progression and genomic maintenance in NSCLC metastasis. 
Many of the top-ranking hub genes from the network anal-
ysis, including BRCA1, BUB1, TOP2A, CDC45, and EXO1, 
were also present in these enriched pathways. Their recurrence 
across static centrality, dynamic simulation, and functional an-
notation further validates their mechanistic relevance.

Virtual Screening and Docking Analysis:
To identify candidate natural compounds capable of target-

ing key metastatic regulators in NSCLC, molecular docking 
was conducted for the BUB1 protein using a structure-based 
virtual screening approach. BUB1 was selected as the docking 
target due to its high topological centrality, temporal stability 
in dynamic modeling, and consistent enrichment in mito-
sis-related pathways. A total of 1,869 natural product-derived 
ligands were compiled from PubChem and prepared using 
Open Babel within the PyRx interface. AutoDock Vina re-
turned binding free energy estimates (ΔG, in kcal/mol) for 
each ligand–protein complex. All results were aggregated and 
ranked by ascending ΔG values, and top compounds were 
identified (Table 2). The top binding affinities ranged from 
−11.7 to −9.6 kcal/mol, indicating strong interaction potential. 
The top-ranked compounds demonstrated consistent dock-
ing across multiple simulation runs and structural replicates. 
CID_135398501, the top hit, exhibited a predicted binding 
energy of −11.8 kcal/mol, placing it well within the range as-
sociated with high-affinity ligand binding. The majority of the 
top ligands contained heterocyclic cores and polar function-
al groups conducive to hydrogen bonding and hydrophobic 
pocket fitting. Structural analysis using PyMOL revealed fa-
vorable interactions within BUB1’s ATP-binding domain and 
adjacent regulatory sites. Three of the five leading compounds 
–CID 135398501 (AKT inhibitor VIII), CID 11751922 
(CDK inhibitor AT-7519), and CID 5154 (sanguinarine) are 
documented in PubChem as kinase inhibitors or bioactive 
antitumor agents, lending support to their pharmacophore rel-
evance. The remaining hits show anticancer activity but lack 
specific kinase annotation. BIOVIA Discovery Studio provid-
ed a 2D interaction diagram for the top 5 ligands (Figure 5) 
showing the types of interactions.

peaks or fluctuations without convergence, with a standard 
deviation > 0.1 over the final 50% of the simulation period. 
Final trajectories were compiled into a time-series CSV (com-
ma-separated values) matrix, with temporal plots generated for 
select genes (Figure 3). All ten of the top-ranked genes from 
the static centrality analysis–BRCA1, EXO1, TOP2A, NOP56,
 MRPS12, BUB1, CDC45, RRM2, NOP58, and FBL–exhib-
ited stable, non-zero equilibrium states. These profiles showed 
initial exponential increases in activity followed by smooth 
convergence to plateaus, typically within 10–15 time steps. To 
assess coherence between topological and kinetic importance, 
the top 10 dynamic nodes with the top 10 from static central-
ity measures were compared. Nine genes were shared: BRCA1, 
BUB1, CDC45, EXO1, FBL, MRPS12, NOP56, NOP58, and 
TOP2A. The only exception was BYSL, which ranked just 
outside the top 10 dynamically at position 11. When extend-
ed to the top 30 genes, 29 overlapped, demonstrating strong 
convergence between structural prominence and temporal 
persistence (Figure 4). This alignment supports the biological 
importance of the selected genes and affirms their prioritiza-
tion for downstream experimental or therapeutic targeting.
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Figure 3: Dynamic Activity Profiles of Top 10 Hub Genes in Simulated PPI 
Network derived from TCGA (LUAD and LUSC) and GEO (GSE161116, 
GSE166720, GSE263726). Time-course trajectories depicting simulated 
activity dynamics of the top 10 hub genes (BRCA1, EXO1, TOP2A, NOP56, 
MRPS12, BUB1, CDC45, RRM2, NOP58, FBL) within the dynamic protein–
protein interaction (PPI) network. Each curve represents the expression 
activity of a single gene over 50 simulation time steps based on a nonlinear 
ODE system. All trajectories converge to non-zero steady states.

Figure 4: Comparison of Top-Ranked Genes Between Static and Dynamic 
Network Models derived from TCGA (LUAD and LUSC) and GEO 
(GSE161116, GSE166720, GSE263726). Venn diagram illustrating the 
overlap between the top 30 genes ranked by static degree centrality (left, 
red) and those prioritized through dynamic modeling of the same 858-gene 
protein–protein interaction network (right, blue). Of the 30 highest-ranked 
genes from each model, 29 were shared, demonstrating a high degree 
of agreement between structural centrality and dynamic stability-based 
prioritization. Only one gene was unique to each ranking list, validating the 
robustness of the consensus-derived gene set.
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Machine learning model:
To evaluate the drug-likeliness and binding potential of the 

screened natural compound library, a machine learning–based 
classification framework was employed to predict ligand ac-
tivity against the BUB1 protein with two models, XGBoost 
and Random Forest. With both demonstrating acceptable pre-
dictive behavior, XGBoost was chosen for feature importance 
analysis and compound prioritization due to its interpretabil-
ity via SHAP and efficiency in handling tabular data. Feature 
importance was explored using SHAP (SHapley Additive 
exPlanations), a technique that offers insight into how each 
input feature contributes to the final prediction. The SHAP 
summary plot showed that XLogP, topological polar surface 
area (TPSA), and the number of rotatable bonds had the great-
est impact on classification outcomes. These descriptors, which 
reflect molecular hydrophobicity, polarity, and flexibility, are 

commonly linked to drug-like behavior. The model relied on 
these variables to distinguish between strong and weak binders. 
A global summary of these findings is presented in Figure 6, 
offering a clear visualization of overall feature relevance. Once 
the model was trained, it was used to assign binding activity 
probabilities to every compound in the dataset. Compounds 
predicted as active (based on classification probabilities) were 
flagged for prioritization. A total of 367 molecules met this 
criterion and were advanced for downstream consideration. 
The original training labels were based on docking scores be-
low −7.0 kcal/mol, but the final model predictions relied solely 
on descriptor patterns. These selected compounds represented 
a wide range of chemical scaffolds and exhibited high confi-
dence scores, making them strong candidates for redocking or 
experimental validation.

This study presents a robust computational framework with 
multiple layers for identifying metastasis-associated gene sig-
natures in non-small cell lung cancer (NSCLC). Merging 
transcriptomic data from both The Cancer Genome Atlas 
(TCGA) datasets and Gene Expression Omnibus (GEO), 
followed by protein–protein interaction (PPI) network 
construction, dynamical modeling, and virtual compound 
screening, enabled the identification of a high-confidence list 
of 858 genes with metastasis signature. Unlike previous stud-
ies, which rely on single-cohort or platform-specific analyses, 
this combined approach takes advantage of multi-cohort and 
cross-platform validation. This method arguably strengthens 
both biological relevance and further utility. The transcriptom-
ic integration phase served to refine the candidate gene list by 
ensuring consistency across NSCLC subtypes and platforms. 
The initial intersection of LUAD and LUSC transcriptomic 
datasets excluded subtype-specific variability, reinforcing the 
generalizability of the metastasis-associated signature across 
NSCLC. This strategy was further strengthened through 
validation using GEO-derived gene expression data. By lever-
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Table 2: Top Five Ligands Identified from Virtual Screening Against the 
BUB1 protein in NSCLC. List of top-performing ligands from structure-
based virtual screening against the BUB1 protein using AutoDock Vina. 
Compounds were ranked based on binding affinity (ΔG, kcal/mol). Some 
of these compounds are known or suspected kinase inhibitors, suggesting 
therapeutic relevance in NSCLC metastasis inhibition.

Figure 5: 2D representation of docking using Biovia Discovery Studio top 
poses after virtual screening. 2D interaction diagrams of the top five high-
affinity ligands (pose 1) docked to the BUB1 protein (CID_135398501, 
CID_5154, CID_11751922, CID_24882195, CID_5281600). Visualizations 
were generated using BIOVIA Discovery Studio based on AutoDock Vina 
output poses. 

Figure 6: SHAP Summary Plot of Feature Importance in the XGBoost 
Model trained on the docked natural compound set (n = 1,869 ligands; “active” 
label defined as AutoDock Vina binding energy ≤ −7.0 kcal/mol). SHAP 
(SHapley Additive exPlanations) values summarize the contribution of each 
molecular descriptor to the classification of compounds as active or inactive 
against BUB1. Each dot represents a SHAP value for a given compound and 
feature. The horizontal axis indicates the impact on the model output, while 
color represents the feature value (red = high, blue = low).
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aging datasets across distinct platforms and clinical contexts, 
the resulting gene set exhibits strong cross-platform robust-
ness. Such integrative approaches are increasingly recognized 
for their biomarker discovery power. For example, a research 
group constructed a multi-gene LUAD prognostic model by 
integrating TCGA and GEO cohorts, highlighting how tran-
scriptomic convergence improves generalizability and clinical 
utility.17 While our approach shares this integrative nature, it 
differs by highlighting metastasis-specific signatures.

The PPI network of the 858-gene set revealed a scale-free 
topology enriched in cell cycle and DNA repair regulators. 
Among these, some genes (e.g., BRCA1, BUB1, and TOP2A) 
stood out with high degree centrality and were further validat-
ed by being prioritized through nonlinear ordinary differential 
equation (ODE) modeling. These genes maintained stable, 
non-zero equilibrium states over simulated timesteps, suggest-
ing that they play a persistent regulatory role in maintaining 
network homeostasis under dynamic conditions relevant to 
metastasis. This points toward a form of kinetic resilience (the 
ability of a node to retain regulatory influence over time despite 
perturbations) that may explain their influence in NSCLC 
progression. This interpretation aligns with Ma et al., who 
showed BRCA1’s involvement in homologous recombination 
repair (HRR) and its predictive value in NSCLC prognosis.18 
Additionally, systems-level network analysis was conducted 
by another study, where they emphasized how central mitot-
ic regulators, like BUB1 and TOP2A, often correspond to key 
phenotypic drivers in cancer.19 These studies validate our reli-
ance on static centrality as a biologically meaningful criterion.

To contextualize these hubs functionally, enrichment anal-
ysis using Reactome revealed that the identified hub genes 
were involved in G1/S checkpoint control, mitotic spindle for-
mation, and chromosomal segregation, to name a few. These 
findings suggest that dysregulation of mitotic fidelity may be 
a significant, though not exclusive, contributor to NSCLC 
metastatic potential. A possible explanation could be that com-
promised checkpoint control permits chromosomal instability, 
facilitating malignant transformation. This interpretation finds 
some support in a study that demonstrated that alterations in 
oxidative stress response and DNA damage repair pathways 
stratify LUAD subtypes with poor prognosis.20 Additionally, 
enrichment of RNA splicing, mitochondrial translation, and 
proteasome pathways aligns with the findings of a study that 
identified similar biological programs in LUSC cohorts associ-
ated with immune infiltration and poor survival.21

With this mechanistic backdrop established, virtual screen-
ing revealed several candidate compounds with strong predicted 
binding affinities toward BUB1, including the known kinase 
inhibitors sanguinarine and AT-7519. These findings are 
promising given the existing evidence of BUB1 overexpres-
sion in NSCLC and its role in tumor proliferation. Although 
direct inhibitors of BUB1 remain limited in clinical use, sev-
eral BUB1-targeted compounds are currently under preclinical 
evaluation for their potential to disrupt mitotic fidelity and 
tumor growth. Related kinase inhibitors have shown efficacy 
in preclinical studies. This supports the potential of BUB1-tar-
geted compounds as viable anticancer agents. It remains to be 

tested, however, whether such ligands retain efficacy in com-
plex in vivo tumor microenvironments. The identification of 
phytochemical ligands like sanguinarine also aligns with prior 
efforts exploring phytochemical inhibition of mitotic regula-
tors, although direct targeting of BUB1 remains unverified.

To distill these docking outputs into a prioritized list, an 
XGBoost classifier was trained on molecular descriptors and re-
fined using SHAP value interpretation. The model highlighted 
XLogP, TPSA, and rotatable bonds as key predictors of binding 
affinity, confirming established structure–activity relationships 
in medicinal chemistry. Pashaei et al. similarly demonstrated 
the efficacy of machine learning coupled with network-based 
analysis for high-throughput drug screening and compound 
interpretation. While our model exhibited robust feature in-
terpretability, its predictions are necessarily constrained by the 
resolution of available docking scores. Of the 1,869 compounds 
screened, 367 were prioritized as high-confidence candidates, 
providing a tractable shortlist for future validation. Future ap-
plications should include experimental validation of predicted 
targets as well as ligands, for instance, with CRISPR-mediated 
gene knockout for functional characterization or SPR assay for 
confirmation of compound binding affinity.

This study acknowledges some limitations that it is primar-
ily computational and relies on in silico predictions, so results 
should be interpreted as hypothesis-generating rather than de-
finitive evidence of biological causality. No wet lab validation 
was performed, meaning the proposed role of BUB1 and the 
prioritized natural compounds require experimental confirma-
tion (for example, cell-based assays of migration or invasion 
and target engagement). In addition, docking scores and the 
chosen activity threshold are approximations that depend on 
the docking setup and scoring function, so binding affinity 
rankings may shift under alternative parameterizations or more 
rigorous free energy methods.

�   Conclusion 
Overall, this work demonstrates the power of merging 

transcriptomic integration, network biology, dynamical sys-
tems models, and AI-improved virtual screening to identify 
regulatory hubs alongside therapeutic leads for NSCLC me-
tastasis. Concurrence of biologically reasonable conclusions 
for an extended set of analytical spaces demonstrates internal 
validity of the analytical pipeline. Such multidimensional con-
currence reinforces confidence in prioritized targets alongside 
their translational validity. At a high level, our systems-level 
approach potentially offers a starting point for stabilization of 
biomarkers alongside target fidelity improvement for molecu-
larly heterogeneous cancers like NSCLC, wherein traditional 
single-layer analyses are suboptimal.
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