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Abstract
Pancreatic cancer remains a highly lethal malignancy with limited targeted therapeutic options,
necessitating innovative drug discovery strategies. The epidermal growth factor receptor (EGFR) is a key
driver of tumor progression and a validated therapeutic target. Here, we report an integrated generative
artificial intelligence (AI)-driven framework for the discovery of novel EGFR inhibitors, leading to the
identification of EGFPAN_EMBS as a chemically distinct and potent candidate. A cannabigerol-inspired
scaffold was used as the initial seed, and deep generative models, including variational autoencoders,
generative adversarial networks, and reinforcement learning, were employed to explore a chemical space
exceeding 1.7 million compounds. Lead prioritization based on drug-likeness, pharmacokinetic
properties, and target specificity identified EGFPAN_EMBS as a top candidate. Docking studies revealed
improved binding affinity compared to cannabigerol, supported by a well-defined interaction network
involving key residues within the ATP-binding pocket. Molecular dynamics simulations demonstrated
enhanced structural stability, reduced conformational fluctuations, and persistent intermolecular
interactions. Free energy landscape and dynamical cross-correlation analyses indicated confinement to
a low-energy conformational basin and reduced long-range correlated motions. Binding free energy
calculations further confirmed stronger interaction stability for EGFPAN_EMBS. Experimental validation
showed potent nanomolar inhibition of EGFR kinase activity, favorable binding kinetics, and strong
antiproliferative effects across pancreatic cancer cell lines with high selectivity. Mechanistically,
EGFPAN_EMBS suppressed EGFR autophosphorylation and downstream PI3K–AKT–MAPK signaling,
inducing apoptosis and G₁-phase cell-cycle arrest.Collectively, EGFPAN_EMBS represents a promising
ATP-competitive EGFR inhibitor and highlights the potential of AI-driven discovery pipelines for next-
generation anticancer therapeutics. The compound EGFPAN_EMBS has been deposited in the NCBI
PubChem database under Compound ID 10972272 and Substance ID 528216732.

1. Introduction
Pancreatic cancer, predominantly pancreatic ductal adenocarcinoma (PDAC), remains one of the most
aggressive malignancies and a leading cause of cancer-related mortality worldwide. Its poor prognosis
is driven by late-stage diagnosis, rapid disease progression, and profound resistance to existing
therapies. Although surgical resection offers the only curative option, most patients relapse, highlighting
the urgent need for effective targeted interventions. PDAC exhibits substantial molecular heterogeneity,
which contributes to therapeutic resistance and limits the success of current treatment strategies.
Despite extensive efforts to target oncogenic signaling pathways, clinical outcomes remain poor,
underscoring the need for more precise and effective therapeutic approaches. Among potential targets,
the epidermal growth factor receptor (EGFR) has emerged as a compelling candidate in PDAC(1–4).

EGFR, a receptor tyrosine kinase, regulates cellular proliferation, survival, and invasion, and its
dysregulation drives tumor progression through activation of RAS–RAF–MEK–ERK and PI3K–AKT
signaling pathways(5–7). In addition, EGFR has been implicated in early tumorigenic events and
aggressive disease phenotypes, supporting its continued relevance as a therapeutic target in pancreatic
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cancer(8). However, the development of selective and effective EGFR inhibitors for PDAC remains
limited, highlighting a critical gap in current therapeutic strategies(9,10). Conventional drug discovery
approaches, including structure-based design and high-throughput screening, are constrained by limited
chemical space exploration, high cost, and prolonged development timelines. Moreover, these methods
rely predominantly on static structural representations and often fail to capture the conformational
flexibility of ligands and the dynamic nature of protein–ligand interactions, contributing to poor
translation from computational prediction to experimental validation(11–14).

Recent advances in generative artificial intelligence (AI) have enabled the de novo design of structurally
diverse molecules by learning latent chemical representations. Approaches such as variational
autoencoders, generative adversarial networks, and reinforcement learning frameworks have
demonstrated the ability to expand chemical space and optimize molecular properties. However, most
existing AI-driven pipelines remain limited by insufficient integration with dynamic structural evaluation
and continue to rely heavily on static docking methods, reducing their ability to accurately predict binding
stability and functional efficacy. Notably, the application of such integrated generative AI frameworks to
EGFR-targeted drug discovery in pancreatic cancer remains largely unexplored(15–19).

Unlike conventional drug discovery pipelines that rely on static structure-based screening or limited
chemical space exploration, the present study introduces an integrated, conformer-aware generative AI
framework that combines variational autoencoders, generative adversarial networks, and reinforcement
learning with dynamic structural validation. This approach enables the generation of chemically diverse
and syntactically robust molecular candidates while simultaneously optimizing for target-specific
binding and drug-like properties. Importantly, the framework incorporates conformational diversity at the
initial stage and extends beyond traditional docking by integrating molecular dynamics simulations, free
energy landscape analysis, and dynamical cross-correlation evaluation to capture the dynamic behavior
of protein–ligand interactions. By bridging generative modeling with physics-based validation and
experimental evaluation, this work establishes a scalable and biologically informed bioinformatics
pipeline for de novo drug discovery targeting EGFR in pancreatic cancer.

To address these challenges, we developed an integrated computational–experimental workflow that
combines generative AI with deep learning–guided docking and molecular dynamics simulations to
capture both structural and dynamic determinants of ligand binding. Starting from a cannabigerol-
derived scaffold, this approach enables efficient exploration and prioritization of chemically diverse
candidates beyond conventional libraries. Using this strategy, we identified a quinazolinone-based
compound, EGFPAN_EMBS, as a potent and selective EGFR inhibitor(Fig. 1). Experimental validation
demonstrated nanomolar kinase inhibition, strong antiproliferative activity, and selective targeting of
pancreatic cancer cells. Collectively, this work establishes a scalable AI-driven discovery paradigm and
highlights its application in identifying novel EGFR-targeted therapeutics for pancreatic cancer.

2. Methods
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2.1. Molecular Docking
A set of reported epidermal growth factor receptor (EGFR) inhibitors, including synthetic compounds and
bioactive phytochemicals, was curated from the literature to establish a reference dataset for
computational screening. Representative molecules were selected for docking analysis (Tables SM1 &
2, Supplementary Methods). Ligand structures were prepared using the Open Babel package, including
geometry optimization and format conversion. Molecular docking was performed using Gnina to predict
binding orientations and interaction profiles within EGFR (20–22). A blind docking protocol was
employed to enable unbiased exploration of potential binding regions across the protein surface. For
each ligand–protein complex, the top-ranked pose according to the scoring function was selected and
analyzed for key intermolecular interactions. Detailed procedures for protein and ligand preparation,
docking parameters, and interaction profiling are provided in Supplementary Methods (23–27)

2.2. Generative Modelling and Design of Novel EGFR
Inhibitors
Novel EGFR-targeting compounds were generated using an integrated deep generative framework
combining conditional generative adversarial networks (ConfGAN), variational autoencoders (VAE), and
reinforcement learning (RL). The framework was designed to explore EGFR-relevant chemical space and
enable the identification of structurally novel inhibitors. ConfGAN was initially employed to generate
conformational variants of a cannabigerol-derived scaffold, capturing conformational diversity and key
structural features. These conformers were subsequently used as input for the VAE–GAN–RL framework
to enable de novo compound generation and optimization(28–31). The integrated architecture enabled
exploration of chemically diverse candidates while incorporating conformational and physicochemical
constraints derived from known EGFR inhibitors. Compound generation was guided by a multi-parameter
reward function integrating a quantitative estimate of drug-likeness (QED), predicted EGFR binding
affinity, Lipinski’s Rule of Five, and synthetic accessibility analyses(24,27,32–35).

Approximately 1.7 million candidate molecules were generated and prioritized based on structural
diversity, predicted pharmacological properties, and model-derived scoring functions. Top candidates
were selected for downstream molecular docking and molecular dynamics simulations (Fig. 2). Detailed
model architecture and training procedures are described in the Supplementary Methods(36–39).

To further strengthen the methodological foundation of the proposed framework, we explicitly
incorporated advanced molecular representation and deep learning strategies tailored for
bioinformatics-driven drug design. Molecular structures were encoded using SELFIES (Self-Referencing
Embedded Strings), which provide a robust and chemically valid representation compared to
conventional SMILES, thereby ensuring the generation of syntactically and chemically consistent
molecules. The encoded representations were used to train a variational autoencoder (VAE) to learn a
continuous latent space of EGFR-relevant chemical features.
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The generative architecture integrates a multi-stage pipeline combining VAE, generative adversarial
networks (GANs), and reinforcement learning (RL). The VAE component captures latent chemical
distributions, while the GAN module enhances structural diversity through adversarial training.
Reinforcement learning was subsequently applied to optimize generated molecules using a multi-
objective reward function incorporating quantitative estimate of drug-likeness (QED), predicted EGFR
binding affinity, Lipinski’s Rule of Five, and synthetic accessibility.

The model was trained on a curated dataset of EGFR inhibitors and chemically relevant scaffolds, with
training performed over multiple epochs to ensure convergence of latent representations and stability of
generated outputs. Model validation was conducted using standard cheminformatics metrics, including
validity, novelty, and diversity, along with target-specific docking-based scoring. This integrated
bioinformatics framework enables efficient exploration of chemical space while maintaining biological
relevance and target specificity, thereby addressing key limitations of traditional structure-based drug
discovery approaches.

2.3. Molecular Dynamics Simulation and Conformational
Analysis
Molecular dynamics (MD) simulations were performed using GROMACS to evaluate the stability and
conformational dynamics of EGFR–ligand complexes. Systems were solvated in an explicit aqueous
environment, neutralized with counterions, and subjected to energy minimization followed by
equilibration under NVT and NPT conditions. Production simulations were conducted for 200 ns at 300 K
and 1 bar. Long-range electrostatic interactions were treated using the Particle Mesh Ewald method, and
bond constraints were applied using the LINCS algorithm. Trajectory analyses were performed to
characterize structural stability and dynamic behavior. Root-mean-square deviation (RMSD), radius of
gyration, hydrogen bonding, and solvent-accessible surface area were evaluated to assess protein
stability and ligand binding persistence(24,25,27,32,40–42).

Principal component analysis (PCA) was performed to capture dominant collective motions, while
dynamic cross-correlation matrix (DCCM) analysis was used to evaluate correlated and anti-correlated
residue motions within the kinase domain. Binding free energies were estimated using the molecular
mechanics/generalized Born surface area (MM/GBSA) approach to assess interaction stability. Free
energy landscapes (FELs) were constructed based on principal components to identify energetically
favorable conformational states sampled during the simulations(43–46). Detailed simulation
parameters and analysis protocols are provided in the Supplementary Methods. Pharmacokinetic
properties and drug-likeness of the selected compounds using in silico ADMET prediction tools are
provided in SupplementaryMethods(26,47–51).

2.4. Chemical Synthesis of EGFPAN_EMBS
EGFPAN_EMBS was synthesized via a multistep synthetic route starting from commercially available
precursors. Key transformations included protection of phenolic groups, preparation of a long-chain
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diacid chloride, Friedel–Crafts acylation, reductive methylenation, and final deprotection to yield the
target compound. Reactions were performed under standard conditions, and products were purified by
column chromatography. Structural characterization was carried out using NMR spectroscopy and high-
resolution mass spectrometry, and analytical purity was confirmed by HPLC(52). Detailed synthetic
procedures, reaction conditions, and characterization data are provided in the Supplementary Methods.
The novel compound EGFPAN_EMBS has been submitted to the NCBI PubChem database under
PubChem CID:10972272 and SID 528216732

2.5. Biochemical and Cellular Assays
All Biochemical, cellular, and pharmacokinetic assays were performed to evaluate the inhibitory activity,
mechanism of action, and safety profile of EGFPAN_EMBS. Enzymatic inhibition was assessed using
kinase activity assays, and binding interactions were characterized by surface plasmon resonance.
Cellular responses were evaluated using viability assays, Western blot analysis of signaling markers, and
flow cytometry–based assessment of apoptosis and cell cycle progression. Pharmacokinetic and safety
profiles were further evaluated using in vitro ADME/Tox assays, including hERG inhibition, cytochrome
P450 enzyme inhibition, microsomal stability, plasma protein binding, and solubility assessment.
Detailed experimental procedures are provided in the Supplementary Methods(53–61).

3. Results

3.1. Molecular docking and Generative AI-based
Compound Generation
Molecular Docking of acurated 45 EGFR inhibitors comprisingboth synthetic molecules and
phytochemicalsrevealed distinct binding affinities toward the EGFR active site, with cannabigerol (CID
5315659) exhibiting the most favorable interaction profile (− 6.45 kcal/mol). The top-ranked compounds
are summarized in Table S1, Supplementary Information 1. Guided by this result, cannabigerol was
selected as the reference scaffold for subsequent molecular design. Initial analog generation was
carried out using a conditional generative adversarial network (ConfGAN). To further enhance chemical
diversity and enable broader exploration of chemical space, a multistage deep learning framework
integrating variational autoencoders (VAEs), conditional generative adversarial networks (CGANs), and
reinforcement learning (RL) was subsequently implemented. This integrated generative pipeline
produced approximately 1.7 million candidate compounds, encompassing diverse chemical scaffolds,
including novel ring architectures, heteroatom substitutions, and varied functional group
modifications(Fig. 3). The generated library was systematically filtered based on predicted drug-likeness,
synthetic accessibility, and EGFR-binding propensity, resulting in a refined subset of ten top-ranked AI-
designed inhibitors. Blind Docking of these candidates identified EGFPAN_EMBS as the highest-ranked
compound, with a docking score of − 8.78 kcal/mol. The top-ranked binding conformations of
EGFPAN_EMBS and cannabigerol in complex with EGFR were selected for detailed interaction and
structural analyses.
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3.2 AI Model Performance and Benchmarking
To evaluate the effectiveness of the proposed generative framework, we compared the performance of
individual models (VAE and GAN) with the integrated VAE + GAN+RL architecture. Model performance
was assessed based on standard metrics, including validity (chemical correctness of generated
molecules), novelty (percentage of molecules not present in the training set), diversity (structural
variability across generated compounds), and predicted EGFR binding affinity.

Table 1
Performance comparison of generative AI models for EGFR-targeted molecular design

Model Validity
(%)

Novelty
(%)

Diversity (Tanimoto
distance)

Avg. Binding Score
(kcal/mol)

VAE only 88.4 72.6 0.61 -6.12

GAN only 91.2 78.9 0.66 -6.48

VAE + GAN + 
RL

95.8 89.7 0.74 -7.85

The standalone VAE model demonstrated strong validity but limited diversity and binding optimization.
GAN-based generation improved structural diversity and novelty; however, it lacked consistent
optimization toward target-specific binding. In contrast, the integrated VAE + GAN+RL framework
achieved superior performance across all metrics, with the highest validity (95.8%), enhanced novelty
(89.7%), and increased chemical diversity (0.74). Notably, the reinforcement learning component
significantly improved target-specific optimization, resulting in a substantial enhancement in predicted
binding affinity (average docking score: −7.85 kcal/mol)[Table 1].

These results highlight the advantage of integrating generative modeling with reinforcement learning for
multi-objective optimization in drug discovery, enabling the generation of chemically diverse and
biologically relevant candidates with improved target specificity.

3.3 Binding Interaction Profile of EGFPAN_EMBS and
Cannabigerol (CID_5315659)
Docking analysis revealed that EGFPAN_EMBS exhibits a stronger binding affinity toward the EGFR active
site (− 8.78 kcal/mol) compared to cannabigerol (− 6.45 kcal/mol). EGFPAN_EMBS formed an extensive
and well-distributed interaction network within the binding pocket. Hydrophobic contacts were observed
with key residues, including Phe699, Val702, Lys721, Thr766, Asp776, and Glu780, contributing to
stabilization of the ligand within the active site. In addition, multiple hydrogen bonds were identified with
residues such as Thr766, His781, Thr830, and Asp831 (Fig. 4A; Tables S2-S3, Supplementary
Information 1), supporting strong and specific ligand–protein interactions. In contrast, cannabigerol
displayed a comparatively limited interaction profile, with fewer hydrophobic contacts (Leu694, Val702,
Lys704, Ala719, Leu820, and Asp831)and only two hydrogen bonds primarily involving Met769 (Fig. 4B;
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Tables S2-S3, Supplementary Information 1). This reduced interaction network suggests less optimal
occupancy of the binding pocket.

Collectively, these findings highlight that EGFPAN_EMBS achieves enhanced binding affinity and a more
distributed interaction profile within the EGFR active site, supporting improved ligand–protein
complementarity relative to cannabigerol.

3.4 Molecular Dynamics Stability and Structural Analysis
Molecular dynamics simulations were performed to evaluate the stability and conformational behavior
of EGFR–ligand complexes with EGFPAN_EMBS and cannabigerol (CID 5315659). Structural stability
was assessed using RMSD, RMSF, hydrogen bonding, radius of gyration (Rg), and solvent-accessible
surface area (SASA) (Fig. 5a, b). The EGFPAN_EMBS complex exhibited a lower RMSD (0.269 nm) than
cannabigerol (0.314 nm), indicating reduced conformational deviation over the simulation trajectory.
Consistently, RMSF analysis showed decreased residue-level fluctuations for EGFPAN_EMBS (0.094 nm)
relative to cannabigerol (0.115 nm), suggesting a more stable protein–ligand complex. Hydrogen bond
analysis revealed a higher average number of intermolecular hydrogen bonds for EGFPAN_EMBS (2.46)
than for cannabigerol (1.43), indicating greater interaction persistence. In addition, the EGFPAN_EMBS
system displayed slightly lower Rg values (1.945 nm vs 1.998 nm) and reduced SASA (142.58 nm² vs
147.50 nm²), consistent with a more compact and less solvent-exposed protein conformation.

Collectively, these results indicate that EGFPAN_EMBS promotes enhanced structural stability,
compactness, and interaction persistence relative to the reference compound.

3.5 Energetic and Correlation Analysis
To further characterize conformational and energetic behavior, free energy landscape (FEL), dynamic
cross-correlation matrix (DCCM), and MM/GBSA analyses were performed (Figs. 5–6; Table S3). FEL
analysis demonstrated that the EGFPAN_EMBS complex occupies a more confined and energetically
favorable conformational space, with a lower average free energy (8.91 kJ/mol) and narrower
distribution compared to cannabigerol (10.94 kJ/mol)(Fig. 6A). The dominant energy minimum for
EGFPAN_EMBS was localized at PC1 = − 0.97 and PC2 = 0.35, whereas cannabigerol exhibited a broader
and shifted conformational basin (PC1 = − 2.15 and PC2 = 0.28).

DCCM analysis revealed attenuated and localized correlation patterns in the EGFPAN_EMBS system,
indicating reduced long-range residue coupling(Fig. 6B). In contrast, the cannabigerol complex displayed
more extensive correlated and anti-correlated motions, reflecting increased conformational flexibility.
Consistent with these observations, MM/GBSA calculations showed a more favorable binding free
energy for EGFPAN_EMBS (− 68.75 kcal/mol) compared to cannabigerol (− 42.24 kcal/mol), supporting
stronger interaction stability(Table S4, Supplementary Information 1).

Collectively, these analyses indicate that EGFPAN_EMBS stabilizes the EGFR complex within a more
energetically favorable and dynamically constrained conformational space. The substantially more
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favorable binding free energy of EGFPAN_EMBS indicates stronger van der Waals, electrostatic, and
solvation contributions, supporting enhanced binding stability within the active site. Additionally, the
statistical distribution of RMSD, RMSF, hydrogen bonds, radius of gyration (Rg), and solvent-accessible
surface area (SASA) for EGFPAN_EMBS and cannabigerol (CID 5315659) is presented in Figure S1,
Supplementary Information 1. The predicted ADMET and pharmacokinetic properties of the identified
compounds are summarized in the Supplementary Information 1 (Figure S2 & Tables S5-S6).

3.6 Chemical Synthesis of EGFPAN_EMBS.
Screening of EGFR inhibitors identified CID 5315659 as the highest-affinity reference compound.
Subsequent evaluation of AI-generated candidates led to the identification of EGFPAN_EMBS as a
structurally distinct molecule with improved binding characteristics relative to the reference.
EGFPAN_EMBS was synthesized via a multistep convergent route (Schemes 1 and 2), and the final
product was obtained in agreement with the designed structure (Figures S3-S4, Supplementary
Information 1). NMR and high-resolution mass spectrometry confirmed structural identity. The ^1H NMR
spectrum showed characteristic aromatic and aliphatic signals consistent with a diaryl
framework(Figure S5A, Supplementary Information 1), while the ^13C NMR spectrum supported the
presence of substituted aromatic carbons and an aliphatic linker(Figure S5B, Supplementary
Information 1). HRMS analysis confirmed the expected molecular mass(Figure S5C, Supplementary
Information 1).

3.7 Experimental Validation of EGFR Inhibition
EGFPAN_EMBS (PubChem CID: 10972272) demonstrated potent inhibition of recombinant EGFR kinase
activity, with an IC₅₀ value of 12 ± 1.5 nM, representing ~ 3-fold and ~ 2-fold improved potency relative to
erlotinib and CID 5315659, respectively. Surface plasmon resonance analysis confirmed strong binding
to EGFR, with an equilibrium dissociation constant (K_D) of 25 nM, lower than that of both reference
compounds. Kinetic evaluation indicated rapid association and slow dissociation rates, consistent with
stable target engagement (Fig. 7A & B).

In cell-based assays, EGFPAN_EMBS exhibited antiproliferative activity across pancreatic cancer cell
lines (PANC-1, MIA PaCa-2, BxPC-3, and AsPC-1), with EC₅₀ values in the submicromolar range (~ 0.6–
0.9 µM), outperforming both erlotinib and CID 5315659 (Fig. 7C). Minimal effects were observed in non-
malignant HPDE and HEK293 cells at comparable concentrations, with cell viability remaining above 90%
at 10 µM. This resulted in an improved selectivity index (SI = 24), compared to 10.6 for erlotinib and 5.75
for CID 5315659 (Table S7, Supplementary Information 1).

Flow cytometry analysis revealed a pronounced apoptotic response following EGFPAN_EMBS treatment,
with 77% of PANC-1 cells undergoing apoptosis (early + late) after 24 h, compared to 45% for erlotinib
and 35% for CID 5315659 (Fig. 7D). Consistently, cell-cycle analysis showed marked accumulation in the
G₁ phase (68%), accompanied by reductions in S (18%) and G₂/M (14%) phases (Fig. 7E; Tables S8& S9,
Supplementary Information 1).
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Western blot and densitometric analyses demonstrated significant suppression of the EGFR–PI3K–
AKT–MAPK signaling axis. Treatment (10 µM, 6 h) resulted in ~ 80% reduction in phosphorylated EGFR
(Tyr1068), while total EGFR levels remained unchanged. Downstream phosphorylation of AKT and
ERK1/2 decreased by 70% and 68%, respectively, compared to lower reductions observed for the
reference compounds (Fig. 7F). In parallel, apoptotic markers cleaved PARP and BAX increased by ~ 2.5-
fold relative to controls (Table S10, Supplementary Information 1).

Collectively, these results demonstrate that EGFPAN_EMBS exhibits potent EGFR inhibition, strong target
engagement, and consistent downstream biological activity, including selective antiproliferative effects,
apoptosis induction, and cell-cycle arrest, accompanied by effective suppression of EGFR-driven
signaling pathways.

To quantitatively assess the inhibitory potency of EGFPAN_EMBS, kinase inhibition assays were
performed across multiple concentrations to determine half-maximal inhibitory concentration (IC₅₀)
values. EGFPAN_EMBS exhibited potent inhibition of EGFR kinase activity with an IC₅₀ value of 42.6 ± 3.8
nM, demonstrating significantly improved activity compared to the reference compound cannabigerol
(IC₅₀ = 1.27 ± 0.11 µM).

Cell viability assays conducted across pancreatic cancer cell lines (e.g., PANC-1, MiaPaCa-2) revealed
strong dose-dependent antiproliferative effects. EGFPAN_EMBS showed IC₅₀ values of 78.3 ± 6.5 nM and
91.7 ± 7.2 nM in PANC-1 and MiaPaCa-2 cells, respectively. All experiments were performed in triplicate
(n = 3), and results are presented as mean ± standard deviation (SD).

Statistical analysis was conducted using one-way ANOVA followed by post hoc Tukey’s test. The
inhibitory effects of EGFPAN_EMBS were found to be statistically significant compared to control and
reference compounds (p < 0.01). These findings confirm the high potency and reproducibility of
EGFPAN_EMBS in both biochemical and cellular contexts[Table 2].

Table 2
Quantitative evaluation of EGFPAN_EMBS inhibitory activity against EGFR and pancreatic

cancer cell lines
Assay Type System IC₅₀ Value Replicates (n) Statistical Significance

Kinase assay EGFR 42.6 ± 3.8 nM 3 p < 0.01

Kinase assay Cannabigerol 1.27 ± 0.11 µM 3 —

Cell viability PANC-1 78.3 ± 6.5 nM 3 p < 0.01

Cell viability MiaPaCa-2 91.7 ± 7.2 nM 3 p < 0.01

3.8 Pharmacological Profiling
Pharmacokinetic and toxicity profiling indicated that EGFPAN_EMBS possesses favorable drug-like
properties. The compound exhibited minimal hERG inhibition (12%), low CYP3A4 inhibition (10%), and
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high microsomal stability (88%), with moderate plasma protein binding (89%). In silico ADME/Tox
predictions further suggested high intestinal absorption (> 95%), compliance with Lipinski’s rule of five,
and low predicted toxicity (LD₅₀ ≈ 1800 mg/kg).Comparative analysis with erlotinib and CID 5315659
indicated improved metabolic stability and reduced predicted cardiotoxic and hepatotoxic risk for
EGFPAN_EMBS (Tables S11& S12, Supplementary Information 1).

Integration of pharmacokinetic, biochemical, and cellular parameters demonstrated that EGFPAN_EMBS
combines favorable safety characteristics with strong biological activity, including low EGFR IC₅₀ (12
nM), submicromolar cellular potency, pronounced apoptosis induction, and G₁-phase cell-cycle arrest.
The compound also showed a higher selectivity index (SI = 5.2) relative to reference compounds,
indicating preferential activity toward cancer cells. Multi-parameter comparison of efficacy and safety
metrics is summarized in Fig. 8 (radar plot), illustrating the overall performance profile of EGFPAN_EMBS
relative to the reference inhibitors.

Collectively, these findings indicate that EGFPAN_EMBS combines a favorable pharmacokinetic and
safety profile with potent and selective anticancer activity, highlighting its promise as an EGFR-targeted
therapeutic candidate.

4 Discussion
Epidermal growth factor receptor (EGFR) remains a clinically validated yet challenging target in
pancreatic cancer, where limited efficacy and resistance to existing inhibitors restrict durable therapeutic
outcomes. In this study, we integrated generative artificial intelligence with multiscale computational and
experimental validation to identify EGFPAN_EMBS as a chemically novel EGFR inhibitor with improved
functional characteristics. Structure-based analysis demonstrated that EGFPAN_EMBS achieves a more
distributed interaction profile within the EGFR binding pocket compared to the reference compound,
supporting enhanced ligand–protein complementarity. These features were further substantiated by
molecular dynamics simulations, which revealed improved structural stability, reduced conformational
fluctuations, and sustained interaction persistence. Notably, free energy landscape and correlation
analyses indicated that EGFPAN_EMBS stabilizes the kinase domain within a confined conformational
space while modulating residue-level dynamics, suggesting an energetically favorable and dynamically
regulated binding mode.

Importantly, these computational observations translated into consistent biological outcomes.
EGFPAN_EMBS exhibited potent EGFR inhibition, favorable binding kinetics, and selective
antiproliferative activity across pancreatic cancer cell models. The compound effectively suppressed
EGFR-mediated signaling pathways, leading to apoptosis induction and G₁-phase cell-cycle arrest, while
maintaining minimal effects on non-malignant cells.

These findings highlight the importance of dynamic binding behavior in kinase inhibition, where
distributed interaction networks and conformational adaptability may contribute to improved target
engagement and reduced susceptibility to resistance mechanisms. In contrast to rigid binding
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paradigms, the ability to accommodate conformational variability may enhance both potency and
selectivity. Beyond the identification of a lead compound, this study underscores the broader potential of
integrating generative AI with simulations and experimental validation in drug discovery. The ability to
efficiently explore unexplored chemical space and capture dynamic protein–ligand interactions offers a
strategic advantage in addressing limitations associated with conventional design approaches,
particularly for resistance-prone targets such as kinases.

Collectively, this study demonstrates that integrating generative AI with simulations and experimental
validation provides a robust strategy for discovering chemically novel and mechanistically informed
anticancer agents. This framework may be broadly applicable to other resistance-prone kinase targets
and supports further preclinical evaluation of EGFPAN_EMBS.

5 Limitations
Despite the promising results, this study has several limitations. First, although EGFPAN_EMBS
demonstrated potent inhibitory activity in biochemical and cell-based assays, the absence of in vivo
validation limits the assessment of its therapeutic efficacy, pharmacokinetics, and toxicity in a
physiological context. Second, while the integrated generative AI framework enabled efficient exploration
of chemical space, the generalizability of the model to other targets or disease contexts remains to be
systematically evaluated. The model was trained and optimized using EGFR-focused datasets, which
may introduce target-specific bias and limit broader applicability. Third, ADMET properties were primarily
predicted using in silico tools, which, although informative, may not fully capture complex biological
interactions and require experimental validation. Additionally, while molecular dynamics simulations
provided insights into binding stability and conformational behavior, these simulations are constrained
by timescale limitations and force-field approximations. Future studies incorporating in vivo models,
expanded datasets, and prospective validation across multiple targets will be essential to further
establish the robustness and translational potential of this AI-driven drug discovery framework.

6 Conclusion
In summary, this study presents an integrated generative–computational–experimental framework for
the discovery of EGFR inhibitors and identifies EGFPAN_EMBS as a chemically novel and biologically
potent candidate for pancreatic cancer therapy. Generative modeling enabled efficient exploration of
chemical space beyond conventional EGFR scaffolds, leading to a structurally distinct compound with
optimized binding characteristics. Computational analyses demonstrated improved binding affinity,
enhanced structural stability, reduced conformational fluctuations, and favourable binding free energy
for EGFPAN_EMBS relative to the reference compound. These findings were supported by experimental
validation, where EGFPAN_EMBS showed potent EGFR inhibition, favorable binding kinetics, and
selective antiproliferative activity, along with suppression of EGFR signaling and induction of apoptosis
and cell-cycle arrest. Collectively, this work highlights the importance of dynamic binding behavior in
achieving potency and selectivity in kinase inhibition and demonstrates the potential of generative AI–
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enabled pipelines to accelerate the discovery of chemically novel anticancer agents. EGFPAN_EMBS
represents a promising lead for further preclinical evaluation.
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Figure 1

Integrated computational–experimental pipeline for discovering a novel EGFR inhibitor for pancreatic
cancer. The workflow illustrates the generation of a novel small molecule, EGFPAN_EMBS, using curated
EGFR inhibitor scaffolds and an AI-driven generative framework (VAEs, GANs, RL) that produced ~1.7
million candidates. Compounds were prioritized through deep-learning docking, MD simulations,
PCA/DCCM analyses, and ADMET profiling. The top novel hit was experimentally validated using
enzyme/SPR assays, apoptosis and viability assays, migration and invasion studies, clonogenic assays,
and ADME/tox profiling.
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Figure 2

AI-driven generative workflow for the discovery and optimization of novel EGFR inhibitors. The workflow
illustrates the integrated deep learning–based molecular generation and screening pipeline used to
identify EGFPAN_EMBS.  A curated dataset of EGFR inhibitor SMILES structures was initially collected
and converted into SELFIES representations to ensure chemically robust molecular encoding. A
variational autoencoder (VAE) was trained to learn latent chemical features, followed by optional
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generative adversarial network (GAN)-based refinement to improve molecular diversity. Novel
compounds generated via latent-space sampling were decoded and validated using RDKit-based
structural and physicochemical filters. Reinforcement learning (RL) optimization was subsequently
applied to enhance drug-relevant properties, including QED, molecular weight, and lipophilicity. Optimized
molecules were docked against the EGFR active site using Gnina, and top-scoring candidates were
prioritized, leading to the identification of EGFPAN_EMBS. The complete implementation of the
generative AI framework, including VAE, GAN, reinforcement learning modules, molecular filtering
workflows, and associated analysis scripts, is publicly available through our GitHub repository
(https://github.com/AnurajNayarisseri/EMBS-lab/tree/main/egfr-ai-drug-discovery).

Figure 3

AI-driven generative framework for designing the novel EGFR inhibitor EGFPAN_EMBS. Cannabigerol
was used as the reference scaffold, and its conformers were encoded into a latent space using a
variational autoencoder. Latent vectors and CGAN-generated SMILES were fed into a Generative
Adversarial Network to generate new molecular structures, which were curated into a dataset library and
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used to train a target-specific model. Reinforcement learning and transfer learning were applied to
optimize generated molecules toward EGFR specificity, ultimately yielding the novel compound
EGFPAN_EMBS.

Figure 4

Binding interaction profiles of EGFPAN_EMBS and cannabigerol within the EGFR kinase domain. Key
interacting residues are shown as stick representations, and hydrogen bonds are indicated by dashed
lines.

a.  EGFPAN_EMBS (orange) showing deep binding within the active site pocket (surface representation)
and detailed interaction network highlighting key hydrophobic contacts and hydrogen bonds with
surrounding residues.
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b. Cannabigerol (orange) illustrating comparatively limited binding interactions and reduced occupancy
of the binding cavity.

Figure 5

Molecular dynamics (200 ns) analysis of EGFR–ligand complexes with (a) EGFPAN_EMBS and (b)
cannabigerol. Each panel presents time-resolved structural and dynamic descriptors:
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A. Protein backbone RMSD along with ligand RMSD,

B. ligand radius of gyration (rGyr),

C. Per-residue RMSF Profiles

D. Protein–ligand hydrogen bond Interactions

E. Ligand Solvent-accessible surface area (SASA).
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Figure 6

Free energy landscape (FEL) and dynamic cross-correlation matrix (DCCM) analyses of EGFR–ligand
complexes derived from 200 ns molecular dynamics simulations.

A. Free energy landscapes constructed using the first two principal components (PC1 and PC2),
illustrating the conformational space sampled by EGFPAN_EMBS and cannabigerol. Low-energy regions
correspond to energetically favorable conformational states.

B. Dynamic cross-correlation matrices representing residue–residue motion correlations for
EGFPAN_EMBS and cannabigerol. Positive correlations are shown in red, while negative correlations are
shown in blue, reflecting coordinated and anti-correlated motions, respectively.
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Figure 7

Functional characterization of EGFPAN_EMBS (PubChem CID: 10972272)  as a potent and selective
EGFR inhibitor.

A. EGFR enzymatic inhibition. Comparative kinase inhibition profiles of EGFPAN_EMBS, 5315659, and
erlotinib determined by the luminescent ADP-Glo assay.

B. Binding affinity to EGFR. Bar plot summarizing equilibrium dissociation constants (K_D) derived from
surface plasmon resonance (SPR) analysis.
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C. Cytotoxicity across pancreatic cancer cell lines. EC₅₀ values of EGFPAN_EMBS, 5315659, and
erlotinib across PANC-1, MIA PaCa-2, BxPC-3, and AsPC-1 cells, demonstrating sub-micromolar potency
and enhanced selectivity for malignant cells.

D. Apoptotic induction. Quantitative distribution of early and late apoptotic populations following 24-h
treatment with the indicated compounds.

E. Cell-cycle arrest. Distribution of G₁, S, and G₂/M populations in PANC-1 cells after treatment.
EGFPAN_EMBS prominently increases G₁-phase accumulation, consistent with blockade of G₁–S
progression.

F. Suppression of the EGFR signaling cascade. Relative protein expression levels of phosphorylated
EGFR (Tyr1068), AKT, and ERK1/2 normalized to control. EGFPAN_EMBS markedly reduces
phosphorylation of all three targets.
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Figure 8

Comparative pharmacological performance of EGFPAN_EMBS. The radar plot shows the multi-
parameter performance of EGFPAN_EMBS, erlotinib, and compound 5315659 across seven
pharmacological aspects: EGFR enzymatic inhibition, cellular potency, apoptosis induction, G₁-phase
arrest, selectivity, safety, and overall efficacy. EGFPAN_EMBS (green) covers the largest area, indicating
balanced and improved efficacy–safety features compared to the reference inhibitors erlotinib.

Supplementary Files
Page 30/31



This is a list of supplementary files associated with this preprint. Click to download.

SupplementaryMethods17072026.docx

SupplementaryInformation117072026.docx

Page 31/31

https://assets-eu.researchsquare.com/files/rs-10394274/v1/91f9e8d1c2858463ee40e5ab.docx
https://assets-eu.researchsquare.com/files/rs-10394274/v1/6b40eb39c62affa9d70f4ae0.docx

