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Abstract

Therapy resistance remains a significant challenge in melanoma treatment, despite recent advances
in targeted therapies and immunotherapies. Enhancer of zeste homolog 2 (EZH2) has been
identified as a critical target for overcoming resistance. However, the availability of effective
inhibitors remains limited, emphasizing the need for novel therapeutic strategies to address this
issue. This study aimed to identify potential EZH2 inhibitors derived from Taxus baccata using
computational methods to overcome melanoma therapy resistance. A total of 98 phytochemical
compounds from Taxus baccata were selected for in silico screening. The compounds were
assessed using molecular docking to predict their binding affinities with EZH2. The
pharmacokinetic properties of the compounds were evaluated using ADMET analysis, and Density
Functional Theory (DFT) was used to assess their electronic properties. The top compounds were
subjected to 100 ns molecular dynamics (MD) simulations to examine their stability and
interaction dynamics, using tazemetostat and GSK-126 as reference inhibitors. Among the
screened compounds, sotetsuflavone, ginkgetin, amentoflavone, and podocarpusflavone A were
identified as potential EZH2 inhibitors. amentoflavone exhibited the highest binding affinity,
strong interaction stability, and favorable pharmacokinetic profile. It also demonstrated the lowest
negative binding free energy (MMPBSA), indicating a superior binding strength. These findings
suggest that amentoflavone is the most promising candidate for further development, with the other
compounds providing valuable scaffolds for optimization. This study provides a computational
basis for designing novel EZH2 inhibitors from Taxus baccata. Further experimental validation is
required to confirm these findings and explore the potential therapeutic applications of these
phytochemicals in clinical settings.

Keywords: Therapy resistant Melanoma, Phytochemicals, Molecular Docking, ADMET, DFT,
MD Simulation

1. Introduction

Melanoma is the most aggressive form of skin cancer, originating from genetic alterations in
melanocytes and characterized by high metastatic potential':2. Its global incidence has risen
sharply, with an estimated 104,960 new cases projected in 2025** and a 1.7% increase in mortality

anticipated for the same year>. Despite this, melanoma-related deaths, particularly from metastatic



disease, have declined owing to advances in targeted and immune-based therapies’. Among the
genetic aberrations, BRAF mutations are the most prevalent, establishing this gene as a key
therapeutic target’. Accordingly, BRAF inhibitors, such as vemurafenib, dabrafenib, and
encorafenib, have demonstrated superior efficacy over conventional chemotherapy’. Given its
immunogenic nature, melanoma responds favorably to immune modulation®; consequently, it has
served as the foundation for the clinical development of immunotherapy before its application to
other malignancies’. Multiple immune checkpoint inhibitors have since gained FDA approval,
revolutionizing advanced melanoma treatment and increasing the 5-year relative survival rate to
approximately 44%!°. However, resistance to both targeted and immune therapies remains a major

clinical challenge!'!.

Although BRAF inhibitors yield improved outcomes, treatment failure commonly arises from
acquired resistance via MAPK pathway reactivation and MEK signaling’. This led to the
development of combined BRAF and MEK inhibitor regimens, which are now approved in three
formulations for melanoma, although they are associated with adverse events in 45-70% of
patients’. In 2015, the FDA approved the ipilimumab-nivolumab combination, achieving a 57.6%
response rate compared with 43.7% for nivolumab and 19% for ipilimumab alone”!.
Nevertheless, approximately 40% of patients with metastatic melanoma remain non-responsive
due to primary or acquired resistance'>!3. Recently, triplet therapy integrating targeted and
immune-based agents has shown durable responses without substantial improvement in overall
efficacy’. Only one such regimen, atezolizumab with cobimetinib and vemurafenib, has received
FDA approval (2020) for unresectable BRAFveoor melanoma'*!>, Despite enhanced therapeutic

effects, response rates remain comparable, with 79% of patients experiencing grade 3/4 adverse

events and therapy discontinuation in 13%.

Recent evidence indicates that dysregulated epigenetic mechanisms contribute to therapeutic
resistance to both targeted therapies and immunotherapies in various cancers, including
melanoma'!”'8, This has prompted the development of small-molecule inhibitors targeting key
epigenetic regulators, several of which have shown promising activity in preclinical and clinical
studies'®. Among these, enhancer of zeste homolog 2 (EZH2), the catalytic subunit of the
polycomb repressive complex 2 (PRC2), acts as a master regulator of gene expression and is

associated with drug resistance and immune modulation in multiple cancers?’. Consequently,



EZH2 has emerged as a potential therapeutic target in diverse tumor types?!, leading to the FDA
approval of the first EZH2 inhibitor, tazemetostat, in June 2020 for relapsed or refractory follicular
lymphoma?*?, In melanoma, BRAFveoor driven signaling upregulates EZH2 expression, which

correlates with poorer survival?*

. Moreover, EZH2 dysregulation alters regulatory T-cell function,
thereby suppressing antitumor immunity?®. Although several EZH2 inhibitors are under
investigation, no monotherapy has demonstrated meaningful clinical efficacy in melanoma'’.
Approved agents, such as tazemetostat, exhibit limited activity and fail to enhance immune-
mediated tumor clearance in melanoma?®*?’. Despite being generally well tolerated, tazemetostat
can induce adverse effects that may constrain its utility, particularly in combination regimens?®2°.
Collectively, these findings underscore the need for newer EZH?2 targeted therapies with improved

efficacy and safety profiles to overcome therapeutic resistance in melanoma.

Phytochemicals are naturally occurring bioactive compounds in plants that have significantly
contributed to the development of modern cancer therapeutics®’. In addition to their anticancer
efficacy, their low toxicity, cost-effectiveness, and widespread availability make them promising

candidates for cancer treatment®!*?

. Taxus baccata, a species of the Taxus genus, holds
considerable value in traditional medicine across various cultures due to its broad pharmacological
activities. In Ayurveda and Unani systems, Taxus species are used to manage common cold
symptoms and reduce inflammation. Members of the Taxus genus are well-documented for their
tumor-suppressive potential®*. Paclitaxel (Taxol), isolated from the bark of Taxus trees, is an FDA-
approved chemotherapeutic agent widely used against various malignancies®**°. Accordingly, the
present study employed computational approaches to investigate 7. baccata-derived

phytochemicals as potential inhibitors of EZH2, with the aim of identifying effective candidates

for the treatment of therapy-resistant melanoma.
2. Methodology

2.1 Retrieval and preparation of ligand library

The PubChem Compound Identifiers (CIDs) of all bioactive metabolites of Taxus baccata were
retrieved from the Indian Medicinal Plants, Phytochemistry, and Therapeutics (IMPPAT) database
(https://cb.imsc.res.in/imppat/), which encompasses 4,010 Indian medicinal plants and 17,967

phytochemicals®®. After removing duplicates, 98 unique phytochemicals were selected for further


https://cb.imsc.res.in/imppat/

analysis (Supplementary Table 1). Two compounds, tazemetostat (CID: 66558664) and GSK 126
(CID: 68210102), were used as control drugs. Tazemetostat is currently the only FDA-approved
EZH2 inhibitor’’, while GSK126 was chosen based on its reported preclinical efficacy in
combination with vemurafenib against melanoma'’. The three-dimensional (3D) structures of all

ligands were retrieved from the PubChem database (https://pubchem.ncbi.nlm.nih.gov/) in SDF

format*®3°. The structures were optimized using Gaussian 09 with Density Functional Theory
(B3LYP/6-311G(d,p)) under gas-phase conditions***!.  Subsequently, Open Babel

(https://sourceforge.net/projects/openbabel/) was employed to construct the ligand library’, and

the compounds were energy-minimized using the Universal Force Field (UFF) with the Conjugate

Gradient algorithm implemented in PyRx*.
(Supplementary Table 1: General information of the ligand library)
2.2 Protein preparation, validation, and active site prediction

The three-dimensional (3D) structure of EZH2 (PDB ID: 4MI5, 2.00 A resolution) was retrieved
from the RCSB Protein Data Bank (https://www.rcsb.org/structure/4MI5). The protein was

prepared in Discovery Studio 2024 (https://discover.3ds.com/discovery-studio-visualizer-

download) by removing the bound cofactors, water molecules, and metal ions, followed by energy

minimization using the Swiss PDB Viewer (https:/spdbv.vital-it.ch/) to stabilize the structure®.

The quality of the structure was validated using SAVES v6.1 (https://saves.mbi.ucla.edu/)
employing ~ERRAT, VERIFY and PROCHECK  programs*,  MolProbity
(https://molprobity.biochem.duke.edu/),and ProSA-Web

(https:/prosa.services.came.sbg.ac.at/prosa.php)* to ensure structural reliability. Ligand-binding

pockets were subsequently identified using the CASTpFold (https://cfold.bme.uic.edu/castpfold/)

server, which detects surface pockets and internal cavities based on computational geometry*®+7.

The draggability of the predicted pockets was further analyzed using the PockDrug server
(https://pockdrug.rpbs.univ-paris-diderot.fr)*s.

2.3 Molecular docking and interaction analysis

A total of 100 compounds, including phytochemicals and controls, were subjected to molecular
docking using PyRx v0.8, which integrates AutoDock Vina (v1.2.0) for virtual screening*>*°. The

grid box dimensions were defined based on the predicted active sites obtained from the
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CASTpFold and PockDrug servers. All the docking parameters were maintained at the default
settings. The docking results were ranked according to the binding affinity (kcal/mol), where lower
(more negative) values indicated stronger binding®. Top-scoring compounds exhibiting higher
binding affinities than both controls were shortlisted. The protein—ligand interactions of the
shortlisted compounds and controls were further analyzed and visualized in two dimensions using
BIOVIA Discovery Studio Visualizer, focusing on hydrogen bonds, hydrophobic interactions, and
interacting residues. The three-dimensional binding conformations of the docked complexes were

visualized using PyYMOL v4.6.0°".
2.4 Pharmacological and toxicological profiling

An in silico computational approach was employed to evaluate the physiological, pharmacological,
and toxicological properties of the shortlisted compounds and controls. Drug-likeness, medicinal
chemistry parameters, and key physicochemical properties, including molecular weight,
lipophilicity, and water solubility, were assessed using the SwissADME web tool

(https://www.swissadme.ch/)>. The pharmacokinetic properties, including Absorption,

Distribution, Metabolism, and Excretion (ADME), were predicted using the pkCSM platform

)53

(https://biosig.lab.ug.edu.au/pkcsm/)>”. Toxicity profiles were evaluated using the ADMETIab 2.0

(https://admetmesh.scbdd.com/) and ProTox 3.0 (https:/tox.charite.de/protox3/) web servers>*>°.

To estimate the potential antineoplastic activities based on the structural and physicochemical
features of the compounds, predictions were performed using the PASS Online

(https://way2drug.com/PassOnline/) web server. A probability value of Pa > Pi indicates a higher

likelihood of the compound exhibiting a specific biological activity’’. Furthermore, cytotoxicity

against tumor and non-tumor melanoma cell lines was predicted using the CLC-Pred 2.0 server

(https://way2drug.com/clc-pred/), which applies a naive Bayes classifier to estimate cytotoxic
potential, with values ranging from 0.000 to 1.000, representing the likelihood of cell death or

damage’®.
2.5 Quantum mechanical (QM) calculation

Density Functional Theory (DFT) was employed to perform quantum mechanical calculations on
the shortlisted compounds following molecular docking and subsequent in silico analyses. The

analysis was performed using Gaussian 9 employing the DFT/B3LYP/6-311G (d,p) method*.
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Previous studies have demonstrated that the DFT/B3LYP/6-311G (d,p) theoretical framework is
accurate and effective*'°. The compounds were studied to determine how they accept and donate
electrons by calculating the energies of their frontier molecular orbitals, specifically the highest
occupied molecular orbital (HOMO) and the lowest unoccupied molecular orbital (LUMO), as
well as the energy gap and molecular electrostatic potential, using the GaussView 5 software.
These features also convey information about the chemical reactivity and stability of the

substances>”®°. The following equations were used for the calculations:

Egap = (ELumo — Enomo) s I = —Erymo; A= — Enomos
(1+A)_ _(1+A)_ 2_‘112_ _I—A_ _
- 2 IX_ 2 rw _277;77_ 2 ,O-_T]

where, Egqp is the energy gap, Epyuo is the lowest unoccupied molecular orbital, Eygpo 1s the
highest occupied molecular orbital, I is the ionization potential, A is the electron affinity, u is the
chemical potential, y is the electronegativity, @ is the electrophilicity, 1 is the chemical hardness

and o is the chemical softness.
2.6 Molecular dynamics simulation and post-simulation analysis

Molecular dynamics (MD) simulations were conducted to investigate the structural stability of the
protein-ligand complexes obtained from molecular docking. Simulations were performed using

YASARA Structure (Product name: YASARA Dynamics) (http://www.yasara.org/products) for

100 ns for both ligand and control systems. Homology modeling was performed using a multi-step
procedure in YASARA, during which the modeling parameters and targets were defined according
to the macro instructions®!. The equilibrated systems were subsequently subjected to MD
simulations  using the  default = YASARA  Structure @ MD  macro  settings

(http://www.yasara.org/md_run.mcr)®?. All simulations were carried out with the AMBER force

field under standard conditions: temperature of 298 K, pressure of 1 bar, a 7.86 A Coulomb cut-
off, 0.9% NaCl for charge neutralization, solvent density of 0.997 g/cm?, pH 7.0, 1 fs time steps,
periodic boundary conditions, and all atoms set as mobile!%*. Post-simulation analyses included
the calculation of the interaction energy, root mean square deviation (RMSD), root mean square
fluctuation (RMSF), radius of gyration (Rg), solvent-accessible surface area (SASA), and total

number of hydrogen bonds from the generated trajectory files
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2.7 MM-PBSA analysis

The Molecular Mechanics Poisson-Boltzmann Surface Area (MM-PBSA) method was employed
to estimate the binding free energy of the protein-ligand complexes. The binding free energy was

calculated using the following equation®*:

AGBinding = GComplex - (GProtein + GLigand)

where AGaginging represents the total binding free energy, Gcomplexr denotes the total free energy of
the protein-ligand complex, and Gprowin and Grigana correspond to the total free energies of the
unbound protein and ligand, respectively®. Snapshots extracted from the 100 ns MD simulation
were analyzed using the MM-PBSA method implemented in the YASARA Structure (YASARA
Biosciences) simulator®®. MM-PBSA provides a robust post-simulation rescoring approach that

yields more accurate estimates of binding affinities than conventional docking scoring functions.
2.8 Principal component analysis (PCA)

Principal component analysis was used to explore the predominant dynamic molecular motions
during the MD simulation period. The covariance matrix classifies the molecular atomic motions®¢.,
The simulation trajectory data were obtained from YASARA, and to explain the differences
between the groups, several structural and energy data, including bond lengths, bond angles,
dihedral angles, planarity, van der Waals energies, and electrostatic energies, were considered for
each trajectory®’. . Based on these datasets the plots were projected using ggplot2 library from R

(version 4.5.1)%8,

3. Results

3.1 Protein validation

The structural quality of the selected protein (PDB ID: 4MIS) was validated using multiple
approaches. VERIFY 3D analysis showed that 48.08% of residues had an average 3D—1D score >
0.1, and ERRAT reported an overall quality factor of 95.7447, indicating good model reliability.



Ramachandran plot analysis using PROCHECK and MolProbity revealed only one residue in the
disallowed region (Figure 1 A and B), confirming proper stereochemical geometry. Other data are
included in the Supplementary Table 2. ProSA-Web analysis yielded a Z-score of —5.32,
consistent with native proteins of similar size (Figure 1 C). The energy profile indicated
predominantly low-energy residues, suggesting well-defined regions, with a few central residues

showing positive values, aligning with the ERRAT findings (Supplementary Figure 1).

(Supplementary Figure 1: Histogram showing protein-model validation errors.
Yellow bars indicate outlier regions exceeding quality thresholds; white bars represent acceptable

error levels within the structural validation range.)
(Supplementary Table 2: Ramachandran quality parameters for 4MI5)

(Figure 1 Protein validation plots. (A) PROCHECK Ramachandran plot, (B) MolProbity
Ramachandran plot, (C) ProSA-Web Z-score, and (D) ProSA-Web local quality profile)

3.2 Active site prediction and grid box generation

The Computed Atlas of Surface Topography of the universe of protein Folds (CASTp) server was
used to predict potential ligand-binding pockets in the target protein. Among the 24 identified
cavities, the top three pockets ranked by solvent-accessible volume and area were considered,
while smaller pockets were excluded because of ligand size constraints®®’°. Pocket druggability
was assessed using PockDrug, where a probability > 0.50 indicates a “druggable” site*®. Three
pockets met these criteria. Visualization in PyMOL indicated that CastpFold pockets 1 and 3 were
the most plausible binding sites, based on their larger volume, area, and overlap with highly
druggable residues. A grid box encompassing both pockets was defined (dimensions: X = 35.661
A, Y=36.019A,Z=25328 A; center: X =29.358, Y =26.240, Z = 3.131) to ensure the coverage

of potential alternative binding sites. All results are depicted in Figure 2.

(Figure 2: Active site prediction and grid generation. (A) Top 3 pockets predicted by CASTpFold,
(B) Top 3 druggable pockets predicted by PockDrug, and (C) Grid box parameters with surface

representation of the target region.)



3.3 Molecular docking analysis

Among the 98 screened phytochemicals (Supplementary Table 3), four compounds demonstrated
higher binding affinities than the control ligands against the target protein. Sotetsuflavone (CID:
5494868) exhibited the highest docking score (-10.4 kcal/mol), surpassing the control compounds
tazemetostat (CID: 66558664) and GSK 126 (CID: 68210102), which showed docking scores of -
9.2 and -8.9 kcal/mol, respectively (Figure 3). sequoiaflavone (CID: 5484010) and di-o-methyl
amentoflavone (CID: 5491518) displayed docking scores comparable to those of tazemetostat
(CID: 66558664); however, they were excluded from further consideration because the selection
criteria were restricted to compounds with higher binding affinities than those of both controls.
Consequently, the top four phytochemicals, along with the two controls, were selected for further

analysis.
(Supplementary Table 3: Binding affinities of 7. baccata-derived phytochemicals)

(Figure 3: Docking scores (kcal/mol) of top 7. baccata compounds compared with control ligands.
Negative values above each bar denote the binding affinities. Tazemetostat and GSK 126 served as

controls.)
3.4 Protein-ligand interaction analysis

The molecular interactions between the shortlisted ligands and control compounds are illustrated
in Figure 4. Various noncovalent interactions, including conventional hydrogen bonds, carbon
hydrogen bonds, n-donor hydrogen bonds, and n-alkyl and n-sigma interactions, were observed.
Sotetsuflavone (CID: 5494868) and ginkgetin (CID: 5271805) formed the highest number of
hydrogen bonds (seven each) with the target proteins. Sotetsuflavone (CID: 5494868) interacted
with SER524 (2.20 A), LEU525 (2.74 A), GLN526 (2.61 A), ASN546 (2.71 A), ALA581 (1.87
A), ASN675 (2.55 A), and GLN735 (2.41 A). Ginkgetin (CID: 5271805) exhibited similar
interactions with SER524 (2.32 A), LEU525 (2.76 A), ASN546 (2.03 A), PHE547 (2.29 A),
ALA581 (2.43 A), ASN675 (2.46 A), and GLN735 (2.82 A). Both compounds formed n-donor
hydrogen bonds with LEU525 and additional n interactions with other residues (Supplementary
Table 4). amentoflavone (CID: 5281600) formed hydrogen bonds with SER524 (3.72 A), GLN526



(2.42 A), ALA581 (1.83 A), and VAL704 (2.99 A), and the interaction with SER524 involved a
carbon-hydrogen bond. Additional m—n interactions were observed with ALAS581, VALS582,
VAL704, MET706, and HIS711 (Supplementary Table 4). Podocarpusflavone A (CID: 5320644)
and the control ligands formed two hydrogen bonds each and displayed multiple n—n and alkyl

interactions with various residues (Supplementary Table 4).
(Supplementary Table 4: Non-Bond interactions of selected ligands and the controls)

(Figure 4: Structural representation of shortlisted ligands and control compounds bound to the
target protein active site. The left panel of each image depicts the 3D surface view of the ligand
within the protein’s active site, while the right panel illustrates the corresponding 2D protein-

ligand interaction map.)
3.5 Pharmacological and toxicological profiling

3.5.1 Physicochemical properties and drug likeliness prediction

The drug-likeness of the shortlisted phytochemicals and reference inhibitors was evaluated based
on Lipinski's rule of five, using the SwissADME web server. Lipinski’s criteria stipulate that an
orally active compound should not violate more than one of the following parameters: hydrogen
bond donors <5, hydrogen bond acceptors < 10, molecular weight < 500 Da, and Log Pow <5. All
shortlisted ligands, except amentoflavone (CID: 5281600), complied with these criteria, with at
most one violation. Compared to the reference inhibitors, all phytochemicals displayed higher
topological polar surface area (TPSA) values than the reference inhibitors. In addition, the
phytochemicals exhibited lower lipophilicity values than the control compounds. However, all
tested compounds, including the controls, demonstrated poor water solubility; notably, ginkgetin
(CID: 5271805) was predicted to be insoluble. The bioavailability scores and pan-assay
interference compound (PAINS) alerts were identical across all tested molecules, indicating the
absence of structural red flags for assay interference. Furthermore, synthetic accessibility scores
suggested that all phytochemicals were easier to synthesize than GSK126 (CID: 68210102).
Among the phytochemicals, only ginkgetin (CID: 5271805) showed a slightly higher synthetic
complexity than tazemetostat (CID: 66558664). All results are summarized in Tables 1 and 2.

(Table 1: Physicochemical property evaluation of the shortlisted phytochemicals and reference

inhibitors.)



(Table 2: Drug-likeness and medicinal chemistry profile of the shortlisted phytochemicals and

reference inhibitors.)
3.5.2 Assessment of pharmacokinetic properties

The predicted pharmacokinetic parameters of the shortlisted phytochemicals and controls are
summarized in Table 3. All six compounds exhibited favorable intestinal absorption. Ginkgetin
(CID: 5271805) demonstrated the highest predicted absorption (95%), whereas both controls
showed comparable absorption values (= 91%). Podocarpusflavone A (CID: 5320644) exhibited
the lowest absorption (79%), while except for ginkgetin (CID: 5271805), all compounds were
identified as substrates of P-glycoprotein (P-gp), indicating a higher likelihood of efflux from the
intestinal epithelium. Notably, sotetsuflavone (CID: 5494868) was the only compound not
classified as a P-gp inhibitor I, suggesting a reduced potential for efflux-mediated interactions and
a lower risk of drug-drug interactions (DDIs). However, all six compounds were predicted to act
as P-gp inhibitor II. Compared to the controls, all four phytochemicals exhibited lower predicted
volume of distribution (Vd), indicating limited tissue penetration, and a lower propensity for
blood-brain barrier (BBB) permeation. Metabolic predictions revealed that both controls were
substrates of Cytochrome P450 3A4 (CYP3A4) and inhibitors of Cytochrome P450 2C9
(CYP2C9) and CYP3A4, suggesting potential self-inhibition of metabolism. Among the
phytochemicals, ginkgetin (CID: 5271805) and podocarpusflavone A (CID: 5320644) were
predicted to be CYP3A4 substrates and CYP2C9 inhibitors. In contrast, sotetsuflavone (CID:
5494868) and amentoflavone (CID: 5281600) were predicted as CYP3A4 substrates but showed
no inhibitory activity toward major CYP isoforms (CYP1A2, CYP2C19, CYP2C9, CYP2D6, or
CYP3A4), indicating potentially safer metabolic profiles. The predicted clearance values for the
five compounds fell within a moderate range (0.61-0.86 mL/min/kg), whereas amentoflavone
(CID: 5281600) exhibited a slightly lower clearance rate. None of the six compounds were
predicted to be substrates of organic cation transporter 2 (OCT2), suggesting a limited role of renal

secretion in their elimination.

(Table 3: Evaluation of ADME properties of the selected phytochemicals and the controls.)



3.5.3 Estimation of antineoplastic activities

The antineoplastic potential of the shortlisted phytochemicals was evaluated using the online
PASS prediction tool. As summarized in Table 4, all selected ligands exhibited predicted
antineoplastic activity against melanoma, whereas none of the controls showed any corresponding
predicted values. These findings suggest that the shortlisted compounds may possess therapeutic
potential for melanoma treatment by inhibiting tumor cell proliferation and enhancing anti-tumor
immune responses. In contrast, the controls showed no predicted antineoplastic activity related to

melanoma.

(Table 4: Predicted antineoplastic activity of the selected phytochemicals and the controls against

melanoma.)
3.5.4 Toxicological evaluation

The toxicological parameters of the shortlisted compounds and control drugs were assessed using
two predictive platforms, ADMET]Iab 2.0 and ProTox-III, and the results are summarized in Table
5. All shortlisted compounds demonstrated lower rat oral acute toxicity than the controls,
indicating a favorable safety margin. While both control compounds showed moderate to high
probabilities of hERG channel inhibition, none of the phytochemicals were predicted to be hERG
inhibitors. Similarly, although the controls exhibited a high likelihood of hepatotoxicity, none of
the shortlisted compounds were predicted to be hepatotoxic, which is a significant observation
given the frequent hepatotoxic effects associated with conventional cancer therapies. Except for
GSK126 (CID: 68210102), none of the compounds were predicted to be mutagenic. Moreover, the
shortlisted compounds exhibited a higher probability of being non-mutagenic than tazemetostat

(CID: 66558664).
(Table 5: Predicted toxicological profiles of the shortlisted compounds and controls)
3.5.5 Cell line cytotoxicity prediction

The cytotoxic potential of the compounds was predicted in terms of Pa (probability to be active)
and Pi (probability to be inactive), which ranged from 0.000 to 1.000. Compounds with Pa > Pi
were considered potentially cytotoxic (active) compounds. A Pa value greater than 0.5 indicates

high cytotoxic activity, Pa values between 0.3 and 0.5 suggest intermediate activity, and Pa values



< 0.3 indicate low activity>®. Using CLC-Pred, in silico cytotoxicity predictions were performed
for the shortlisted compounds and controls against different melanoma cell lines. No data were
available for the control compounds in melanoma cell lines. All shortlisted phytochemicals
exhibited intermediate cytotoxic activity against SK-MEL-1 cells, with amentoflavone (CID:
5281600) showing the highest Pa value (0.384). In contrast, their predicted activity against other
melanoma cell lines was low (Pa < 0.3). Notably, the predicted cytotoxicity of these compounds
toward normal cell lines were lower than those toward malignant cell lines, suggesting a favorable
selectivity profile. This indicates that the shortlisted compounds may selectively target malignant
cells while sparing normal cells, which is a desirable property for anticancer drug development.

The prediction results are presented in Table 6.

Table 6: Predicted cytotoxicity of shortlisted compounds and controls against skin tumor and non-

tumor cell lines using CLC-Pred (Pa > Pi).
3.6 DFT calculations
3.6.1 Analysis of thermodynamic properties

The thermodynamic properties of the shortlisted compounds and controls were evaluated using the
DFT/B3LYP/6-311G(d,p) level of theory. All investigated phytochemicals exhibited more
negative free energy values than the controls (Figure 5 A). Among the six compounds analyzed,
GSK 126 (CID: 68210102) displayed the lowest negative free energy, indicating the lowest
thermodynamic stability within the group. In contrast, ginkgetin (CID: 5271805) was identified as
the most stable compound, exhibiting the highest negative free energy value (-1984.40 Hartree).
Furthermore, sotetsuflavone (CID: 5494868) exhibited the lowest dipole moment (1.82 Debye)
among the compounds studied (Figure 5 B), suggesting greater intramolecular stability and a lower
tendency to interact with polar solvents. Although the remaining shortlisted phytochemicals
exhibited higher dipole moments than tazemetostat (CID: 66558664), all of them showed lower
values than GSK 126 (CID: 68210102), which had the highest dipole moment (7.44 Debye).

(Figure 5: Thermodynamic properties of the shortlisted compounds from 7. baccata and the

controls. (A) Gibbs free energy values. (B) Dipole moment values)



3.6.2 Frontier molecular orbitals

Frontier molecular orbital (FMO) analysis was performed to evaluate the reactivity and potential
reactive sites of the selected compounds. The HOMO and LUMO distributions of the compounds
are shown in Figure 6. Compared to the control ligand tazemetostat (CID: 66558664), which
exhibited the largest HOMO-LUMO energy gap, all the shortlisted phytochemicals demonstrated
lower energy gaps, indicating enhanced chemical reactivity and thermodynamic stability.
Although their energy gaps were slightly higher than those of GSK 126 (CID: 68210102), the
phytochemicals displayed notably higher HOMO and LUMO energy levels relative to both
controls, suggesting a stronger electron-donating and accepting capacity. As summarized in Table
7, these compounds also exhibited lower hardness (n) and higher softness (o) values than
tazemetostat (CID: 66558664), implying a greater ability to redistribute electron density upon
interaction with the protein environment. This property is particularly advantageous for stable

binding within the polar and tightly packed pockets of target proteins.

(Figure 6: Frontier molecular orbitals (HOMO-LUMO) and energy gaps of the shortlisted
phytochemicals and controls. Depicted are the HOMO and LUMO distributions with respective

energy gap (AE) values, representing the electronic properties and stability of each compound.)

(Table 7: Calculated frontier molecular orbital (FMO) energies and associated global reactivity

descriptors.)
3.6.3 Molecular electrostatic potentials

To identify the reactive regions of the shortlisted phytochemicals and control compounds, their
three-dimensional charge distributions were analyzed using molecular electrostatic potential
(MEP) mapping, as shown in Figure 7. The electrostatic potential values ranged from +6.470 to
+8.007 a.u. for the most positive regions and from —6.470 to —8.007 a.u. for the most negative
regions. Among the analyzed compounds, sotetsuflavone (CID: 5494868) exhibited the most
negative potential (—8.007 a.u.), indicating a strongly electron-rich region with a high propensity
for hydrogen bond acceptance. Podocarpusflavone A (CID: 5320644) showed the second most
negative potential (—7.824 a.u.), followed by ginkgetin (CID: 5271805) (—=7.821 a.u.). In contrast,
the control compound tazemetostat (CID: 66558664) displayed the least negative potential (-6.470



a.u.), suggesting a comparatively weaker electron density pocket and lower hydrogen bond-

accepting capability.

(Figure 7: Molecular electrostatic potential (MEP) maps of shortlisted compounds from T.
baccata. The MEP maps illustrate the charge distribution across each molecule: blue indicates
regions of positive potential (low electron density), red denotes negative potential (high electron

density)).

3.7 Molecular dynamics (MD) simulation analysis

The structural and interaction stability of protein ligands can be predicted using MD simulations,
which also aids in validating post-docking analysis. The four lead compounds, along with two
controls, tazemetostat (CID: 66558664) and GSK126 (CID: 682101020), underwent MD
simulations for 100 ns. The trajectory data and interaction pose obtained from MD simulations
were analyzed using several computational metrics, such as the root mean square deviation
(RMSD), root mean square fluctuations (RMSF), radius of gyration (Rg), and solvent-accessible
surface area (SASA), to investigate the structural stabilities. In addition to the hydrogen bond
analysis, the post-simulation MM-PBSA was analyzed for interaction stabilities. Subsequently,
DCCM and PCA analyses were performed using data obtained from the MD simulation, and the
graphs were projected using the ggplot2 library in R. Further, a statistical analysis was conducted
to measure the standard deviation (SD) to evaluate the analytical and statistical relevance of the

procedure.

(Table 8: The average values with standard deviations (SD) of RMSD, RMSF, RoG, SASA, H-
bonds, and MM-PBSA-based binding free energy (AG) for all protein—ligand complexes)

3.7.1 Root mean square deviation (RMSD) analysis

To gain a better understanding of the dynamic behavior and stability of the protein—ligand
complex, the results of the MD simulations for both the controls and ligand complexes were
analyzed for each trajectory, and the RMSD values were plotted and projected (Figure 8A). The
RMSD provides insight into the extent to which a group of atoms deviates from the original
reference structure of a protein, ligand, or ligand-protein complex. A substantial amount of

stability or instability related to the conformational changes of the molecule can be correlated with



RMSD values. The average RMSD values for the sotetsuflavone (CID: 5494868), ginkgetin (CID:
5271805), amentoflavone (CID: 5281600), podocarpusflavone A (CID: 5320644), tazemetostat
(CID: 66558664), and GSK 126 (CID: 68210102) were 2.84 A, 4.67 A,3.27A,3.55A,3.8 A, and
3.21 A, respectively. The RMSD of ginkgetin (CID: 5271805) gradually increased and exhibited
relatively higher fluctuations among all of them, notably increasing progressively after 55 ns, after
which the value reached a maximum and remained constant until the end of the MD simulation.
In contrast, the sotetsuflavone (CID: 5494868) complex exhibited the lowest average score with
negligible fluctuations, and its highest peak occurred at approximately 5 and 20 ns, indicating a
highly stable conformation among all the complexes. A comparable deviation pattern was
observed for podocarpusflavone A (CID: 5320644) and amentoflavone (CID: 5281600) during the
simulation period. However, the tazemetostat (CID: 66558664) complex exhibited relatively
higher RMSD values during the 57-88 ns and 34-45 ns intervals than the podocarpus flavone A
(CID: 5320644) complex. Similarly, amentoflavone (CID: 5281600) overlapped with GSK 126
(CID: 68210102) for most of the study period, and the average value was very close to that of the

control.
3.7.2 Root mean square fluctuation (RMSF)

The RMSF values were plotted to evaluate the residue-wise fluctuations between the protein and
ligand complexes. To understand the residues that contribute to the causative factors of
fluctuations, the RMSF plot is provided in (Figure 8 B). The RMSF value was used to identify the
rigid and flexible regions of the protein. This validation criterion for structural variability in the
ligand-protein complex highlights the importance of specific protein residues in these structural
shifts. Using a timescale of 100 ns, the amino acid deviation value was calculated for each position.
As illustrated in Figure 8(B), the average RMSF values for sotetsuflavone (CID: 5494868),
ginkgetin (CID: 5271805), amentoflavone (CID: 5281600), podocarpusflavone A (CID: 5320644),
tazemetostat (CID: 66558664), and GSK 126 (CID: 68210102) were 1.72 A, 2.88 A, 2.15 A, 1.96
A, 2.32 A and 2.06 A respectively. When comparing the values of the control RMSFs to those of
the protein-ligand complex RMSFs, it was observed that sotetsuflavone (CID: 5494868) and
amentoflavone (CID: 5281600) demonstrated greater fluctuations than both control complexes.
Here, ginkgetin (CID: 5271805) exhibited relatively higher residue fluctuations, particularly near
the N-terminal region, reaching a value of approximately 12.5 A, suggesting that higher RMSF



values are indicative of a more flexible protein structure. For podocarpusflavone A (CID:
5320644), the amino acid position from 135 to 140 exhibited a deviation of up to 8.5 A, whereas
the maximum amino acids exhibited fluctuations of 1-5 A. Similarly, another sotetsuflavone (CID:
5494868) also exhibited fluctuations in the same regions, confirming that both compounds had

lower RMSF values than the controls in the RMSF plot.

(Figure 8: Molecular Dynamic Simulation Analysis Structural Stability (100 ns) (A) Root-mean-
square deviation (RMSD) (B) Root-mean-square fluctuation (RMSF) (C) Radius of gyration (Rg)
analysis (D) Solvent accessible surface area (SASA))

3.7.3 Radius of gyration (Rg) analysis

Throughout the simulation, Rg parameter determines the compactness of a structure. An increase
in the Rg values suggests a reduction in the compactness of the protein structure, indicating
increased flexibility and decreased stability. The Rg-time fluctuations were observed to be nearly
constant within the range of 18.7-19.5 A, indicating that the protein-ligand complexes undergo
stable conformational changes. As shown in (Figure 8 C), the average Rg values for the
sotetsuflavone (CID: 5494868), ginkgetin (CID: 5271805), amentoflavone (CID: 5281600),
podocarpusflavone A (CID: 5320644), tazemetostat (CID: 66558664), and GSK 126 (CID:
68210102) were 18.96 A 19.36 A, 18.88 A, 18.87 A, 19.36 and 19.13 A, respectively. Among
these, podocarpusflavone A (CID: 5320644) exhibited the lowest average Rg value, suggesting
the highest degree of compactness and conformational stability of the ligand. Compared to
ginkgetin (CID: 5271805) and sotetsuflavone (CID: 5494868), the radius of gyration was the
smallest for the amentoflavone (CID: 5281600) complex (Figure 8 C). Significant fluctuations
were observed in the tazemetostat (CID: 66558664) and ginkgetin (CID: 5271805) complexes at
approximately 18-33 ns; however, the systems quickly regained stability for the remainder of the
time, with a similar average score. Therefore, the podocarpusflavone A (CID: 5320644) complex

maintained a higher degree of stability during the simulation and successfully bound to the ligand.
3.7.4 Solvent accessible surface area (SASA) analysis

The information obtained from SASA will help determine whether the ligand is retained within
the shallow binding pocket or expelled from the binding cavity. A high SASA value indicates a

greater residue exposure to water, reflecting a larger binding interface. The average SASA values



of the protein-ligand complex are 12102.7 A2, 11786.5 A2, 11929.2 A2, 11896.7 A2 12134.5 A2,
and 12352.5 A? for the compounds ginkgetin (CID: 5271805), amentoflavone (CID: 5281600),
podocarpusflavone A (CID: 5320644), sotetsuflavone (CID: 5494868), tazemetostat (CID:
66558664), and GSK 126 (CID: 68210102), respectively, as illustrated in (Figure 8 D).
amentoflavone (CID: 5281600) exhibited the lowest average SASA, indicating that it was more
deeply embedded within the protein's binding pocket in the complex system, thereby enhancing
its effectiveness in modulating the biological activity of the target. It has been shown that all the

lead complexes display comparatively lower SASA scores compared to the controls.
3.7.5 Hydrogen bond analysis

Hydrogen bonds are a type of non-covalent conventional interaction that is crucial for binding
ligands appropriately in the active sites as well as biological processes. The biomolecular and
biochemical regulation of a ligand relies on the formation of hydrogen bonds’!. Hydrogen bond
interactions between the lead complexes and controls were analyzed during the molecular
dynamics simulation. Every compound formed numerous hydrogen bonds concurrently, with
several hydrogen bonds ranging from 390 to 460, as shown in (Figure 9 A). These six compounds,
sotetsuflavone (CID: 5494868), ginkgetin (CID: 5271805), amentoflavone (CID: 5281600),
podocarpusflavone A (CID: 5320644), tazemetostat (CID: 66558664), and GSK 126 (CID:
68210102), had average hydrogen bond numbers of 422.73, 430.57, 424.59, 429.24, 424.53 and
422.92 respectively. Among the studied complexes, ginkgetin (CID: 5271805) and Amentoflavone
(CID 5281600) exhibited slightly higher H-bond counts than the other complexes; therefore, these
ligands are expected to have better interaction stabilities and will show favorable regulation of

biological processes.
3.7.6 Binding free energy estimation MMPBSA

The binding free energy (AGsing) of the protein-ligand complexes was estimated using the
Molecular Mechanics/Poisson-Boltzmann Surface area (MM/PBSA) approach to evaluate the
protein—ligand complex interaction stability and binding affinity. However, a lower binding energy
value indicates stronger interactions between the ligand and protein, suggesting a more stable
complex. Among all the complexes analyzed, compound amentoflavone (CID: 5281600) exhibited
the most favorable binding energy (—101.73 kJ/mol), followed by GSK 126 (CID: 68210102)
(—67.77 kJ/mol), sotetsuflavone (CID: 5494868) (—67.53 kJ/mol), and podocarpusflavone A (CID:



5320644) (—45.32 kJ/mol) (Figure 9 B). In contrast, ginkgetin (CID: 5271805) displayed a
comparatively weaker binding affinity (—16.07 kJ/mol), whereas the reference inhibitor
tazemetostat (CID: 66558664) showed a positive energy value (+7.38 kJ/mol), suggesting lower
stability relative to the ligands. The consistent negative free energy values for most complexes
throughout the simulation period reflected stable binding interactions within the active pocket.
Overall, the MM/PBSA analysis confirmed that amentoflavone (CID: 5281600) formed the most
thermodynamically favorable and stable complex with the target protein compared to the controls

and other ligands.

(Figure 9: Molecular Dynamic Simulation Interaction Stabilities (100 ns). (A) Hydrogen bond
analysis (B) Binding free energy MMPBSA)

3.7.7 Principal Component Analysis

Principal component analysis (PCA) was performed to evaluate and compare the collective
motions and fluctuations within the protein-ligand complexes during molecular dynamics (MD)
simulations. Approximately 90% of the total variance was accounted for by the first three principal
components, with PC-1 contributing 62%. The predominant eigenvectors associated with PC-1
were Coulomb, van der Waals (VdW), bond, and angle, representing large-scale collective
structural motions and electrostatic fluctuations. Dihedral was the primary eigenvector for PC-2,
reflecting the torsional motions of compound backbones and local flexibility, whereas PC-3 was
associated with planarity, which implies twisting or flattening of planar molecular regions. The
PC1-PC2 and PC1-PC3 scatter plots displayed compact vertical clustering, with minimal variation,
indicating high structural stability and similar dynamic behavior across all complexes throughout
the simulation. The minimal dispersion of PC-2 and PC-3 suggests that torsional and planar
motions contributed only minor variations, without major deviations in the overall conformation.
The opposite loadings of Coulomb (+ 0.502) and VAW (— 0.493) in PC-1 indicate an
anticorrelation between electrostatic and dispersion interactions, implying a counterbalance
between the forces and stability within the binding pocket. In contrast, a broad dispersion was
observed in the PC2-PC3 scatter plot, where early trajectory frames (blue-purple) were separated
from later ones (red-yellow), suggesting time-dependent conformational transitions, such as
torsional rotation and planar twisting, such as ring flipping and side-chain reorientation during

ligand binding. The overall PCA results indicated that all six protein-ligand complexes displayed



similar dynamic behaviors and maintained conformational stability throughout the simulation,
with limited but notable local flexibility, which may contribute to ligand adaptability within the
binding site.

(Figure 10: Principal Component Analysis (PCA) of six complexes from 100 ns molecular
dynamics simulations The PCA plots depict the structural dynamics and conformational variability
of the six protein—ligand complexes over the 100 ns simulation, highlighting dominant motions

and collective fluctuations in each system.)
3.7.8 Dynamic Cross-Correlation Matrix (DCCM)

The Dynamic Cross-Correlation Matrix (DCCM) was analyzed to further explore the dynamic
behavior of amino acid residues within the EZH2 protein in the presence of the six ligands. It
provides insights into the collective motions of the amino acid residues, which play a major role
in the interactions. A positive correlation means that the motion of the residues is in the same
direction, which reflects domain-level motions, whereas a negative correlation means the opposite
direction of motion, which may be linked to allosteric site communications that result in
conformational transition.! The correlation coefficient ranges from —1 (anticorrelated motion,
reddish orange) to +1 (correlated motion, dark blue), where uncorrelated or independent
movements are shown by faded green regions amentoflavone (CID: 5281600) exhibited the
strongest correlation and off-diagonal correlation, accompanied by moderate anticorrelation,
suggesting an overall stable and dynamic interplay of structural residues. Sotetsuflavone (CID:
5494868), GSK 126 (CID: 68210102), tazemetostat (CID: 66558664), and podocarpusflavone A
(CID: 5320644) also showed moderate to high levels of correlation with smaller areas of anti-
correlation and uncorrelation, indicating stable and internally consistent dynamics with only mild
conformational changes. amentoflavone (CID: 5281600) exhibited the strongest correlation and
off-diagonal correlation, accompanied by moderate anti-correlation, which suggests an overall
stable and dynamic interplay of structural residues. The least amount of anti-correlation was
observed for podocarpusflavone A (CID: 5320644). In contrast, the large correlated-anticorrelated
domains displayed by ginkgetin (CID: 5271805) indicate opposing motions between protein

domains, suggesting possible destabilization.

(Figure 11: Dynamic Cross-Correlation Matrix (DCCM) analysis of protein-ligand complexes

from 100 ns molecular dynamics simulations. The DCCM plots illustrate correlated and anti-



correlated atomic motions within the protein structures over 100 ns, revealing regions of concerted

dynamics and functional connectivity in each complex.)

4. Discussion

Despite major advances in targeted and immunotherapies, most patients with melanoma ultimately
relapse, highlighting the urgent need for novel treatment strategies’. Emerging evidence implicates
aberrant epigenetic modifications in therapeutic resistance, driving interest in epigenetic-targeted
interventions’?. Among these, histone modifications critically regulate gene expression and tumor
behavior'®"®. Enhancer of zeste homolog 2 (EZH2), the catalytic subunit of polycomb repressor
complex 2 (PRC2), mediates H3K27me3, silencing tumor suppressor and immune-related genes
such as HLA class I and I1'7. EZH2 shares upstream signaling with BRAFyeoor and has been linked
to drug resistance in melanoma, making it a promising therapeutic target!”-’*. Phytochemicals, with
their diverse pharmacological properties, low toxicity, and cost-effectiveness, have shown
potential in overcoming drug resistance’ "’. In this context, phytochemicals derived from Taxus
baccata were computationally evaluated for their potential to target EZH2 and counter melanoma-

therapy resistance.

The selected EZH2 structure (PDB ID: 4MI5) was validated using several quality assessment tools.
Although it did not meet the VERIFY score threshold (>80% residues with a 3D-1D score >0.1),
it was accepted because this parameter has been reported to perform poorly for crystallized
structures’®. Overall, the combined quality metrics indicated that the structure was suitable for
further computational analyses. Subsequently, the ligand-binding sites of the protein structure were
predicted using the CASTpFold server, and the druggability of these pockets was evaluated using
PockDrug. The identified pockets encompassed both regulatory regions (CXC domain and post-
SET) and the primary catalytic SET core, thereby covering potential active and allosteric sites’.
Molecular docking was performed using a grid box encompassing these pockets, facilitating the
design of potential inhibitors capable of simultaneously disrupting the catalytic activity and
structural activation of EZH279-#2, Furthermore, targeting both regulatory and catalytic regions is
expected to reduce the likelithood of diminished efficacy due to single resistance-conferring
mutations within the SET core®’. Following molecular docking of 98 phytochemicals, four
candidates demonstrated higher binding affinities toward the target protein than the control

compounds. The protein-ligand interactions of these candidates were further analyzed using



molecular docking. Among the docked ligands, sotetsuflavone (CID: 5494868) exhibited the
highest docking score (—10.4 kcal/mol), followed by ginkgetin (CID: 5271805) with a binding
affinity of — 9.9 kcal/mol. Hydrogen bonds (HBs) are the most prevalent non-covalent interactions
in biological systems and play a crucial role in determining the protein-ligand binding affinity and
selectivity®*. Both phytochemicals formed a favorable number of hydrogen bonds with residues at
the N-terminal region of the SET domain while predominantly engaging the C-terminal region
through hydrophobic interactions. These observations suggest that they may inhibit EZH2 through
an allosteric blockade mechanism by stabilizing the enzyme in an inactive conformation’. In
contrast, amentoflavone (CID: 5281600) and podocarpusflavone A (CID: 5320644) displayed
relatively lower docking scores and fewer hydrogen bonds with the target protein in these regions.
The advantages of allosteric modulators have been well established®, as they can overcome the
limitations associated with SAM-competitive inhibitors, such as tazemetostat and GSK126,
including dependency on SAM competition, reduced inhibition of non-catalytic functions,
emergence of resistance through catalytic-site mutations, limited efficacy in certain solid tumor
contexts, tumor heterogeneity, and off-target or combination therapy challenges®®*?].
Consequently, the present findings are particularly significant in the context of these previously

reported limitations.

In terms of drug-likeness, amentoflavone (CID: 5281600) did not comply with Lipinski’s Rule of
Five (Ro5). However, this deviation is acceptable because approximately 49% of FDA-approved
oral small-molecule drugs also violate Ro5%. Previous studies have similarly reported that many
natural products, particularly large and complex flavonoids, retain oral activity despite exceeding
the Ro5 thresholds®®. Pharmacokinetic and toxicological profiling of the top four lead compounds
provided valuable insights into their potential efficacy and safety, thereby supporting rational lead
selection®®. Among them, ginkgetin (CID: 5271805) and amentoflavone (CID: 5281600) exhibited
the most favorable pharmacokinetic profiles. Ginkgetin (CID: 5271805) showed high predicted
intestinal absorption and was not identified as a P-gp substrate, suggesting enhanced oral
bioavailability and reduced efflux from cancer cells®>’. Nonetheless, it was predicted to function
as a P-gp inhibitor, raising the possibility of drug-drug interactions, consistent with prior
evidence’®”. amentoflavone (CID: 5281600) displayed low predicted clearance (0.484
mL/min/kg) and a minimal CYP inhibition profile, indicating the potential for prolonged systemic

exposure and a lower likelihood of CYP-mediated drug interactions'®*!°!, Despite these favorable



properties, all selected phytochemicals exhibited comparatively low VDss values, implying
limited tumor tissue penetration and the need for formulation and structural optimization.
Toxicological evaluation revealed that all selected ligands possessed a superior safety profile
compared to the control compounds. None were predicted to be hepatotoxic, a major cause of late-
stage drug development failure'®?, and all demonstrated lower cardiotoxicity and mutagenic
potential. The predicted biological activity further highlights their relevance in melanoma
treatment. Although cytotoxicity data for A375 and A375-resistant (A375R) cell lines were
unavailable, both of which are optimal models for the study’s biological context?*, the server
provided results for SK-MEL-1 cells harboring the BRAFveor mutation'®®. All selected
phytochemicals demonstrated moderate cytotoxic activity in this model, supporting their potential

for further analyses.

Thermodynamic calculations provide insights into the reaction kinetics and molecular stability.
More negative values from these calculations indicate a higher likelihood of binding to interacting
molecules'®. Based on this analysis, all the selected phytochemicals were predicted to be more
reactive than the control compounds. Previous studies have demonstrated that compounds with
higher dipole moments generally exhibit greater water solubility but reduced permeability through
lipophilic membranes'®1%. The lower dipole moments of the selected phytochemicals compared
to the controls suggest an enhanced potential to access intracellular targets, such as EZH?2.
Furthermore, the selected phytochemicals displayed moderate HOMO-LUMO gaps, low hardness,
high softness, and elevated electrophilicity compared to tazemetostat (CID: 66558664). These
electronic properties indicate favorable polarizability and electron-accepting capacity, which align
with the multiple hydrogen bonds and polar interactions observed in the docking poses, providing
a plausible explanation for the high docking scores. However, these features may also indicate
increased chemical reactivity or potential metabolic liabilities, necessitating experimental
validation. The MEP analysis revealed that the oxygen atoms carried the most negative potential,
whereas the hydrogen atoms were the most positive. Sotetsuflavone (CID: 5494868) exhibited the
highest MEP values, whereas tazemetostat (CID: 66558664) exhibited the lowest. MEP mapping
is a key tool for identifying electrophilic and nucleophilic regions and provides insights into the

potential active sites for biological interactions'?’.



Molecular dynamics (MD) simulation is a powerful approach in modern drug discovery that
enables the evaluation of ligand-receptor binding energetics and kinetics, thereby assisting in the
selection of optimal candidate molecules for further development!®®. Accordingly, all selected
phytochemicals and control compounds were subjected to 100 ns MD simulations to assess the
structural stability and interaction durability of the protein-ligand complexes under physiologically
relevant conditions. The 100 ns simulation window was chosen based on prior studies that
demonstrated its effectiveness in evaluating the inhibitory potential of phytochemicals'%!!, Post-
simulation analyses identified amentoflavone (CID: 5281600) as the most promising candidate,
fulfilling the majority of the computational criteria for an effective EZH2 inhibitor. Lower Rg and
SASA values indicate greater structural compactness''!!?, while a more negative MMPBSA
binding energy reflects stronger ligand-protein affinity®®. amentoflavone (CID: 5281600)
consistently displayed the lowest average Rg, SASA, and MM/PBSA values among all the
complexes, suggesting superior compactness and binding strength. Throughout the 100 ns
simulation, the ligand maintained the highest and most persistent hydrogen bond count, further
supporting stable ligand-protein interactions. PCA revealed a tightly clustered conformational
landscape, indicative of stable complex dynamics. Although sotetsuflavone (CID: 5494868)
showed the lowest RMSD and RMSF values, its frequent loss of hydrogen bonds suggested less
stable polar anchoring, making it comparatively less reliable than amentoflavone (CID: 5281600).
Podocarpusflavone A (CID: 5320644) exhibited results comparable to amentoflavone (CID:
5281600), with low RMSF and moderate Rg and SASA values, indicating substantial compactness
and stability. It also maintained relatively consistent hydrogen bonding and formed a tight PCA
cluster, ranking second only to amentoflavone (CID: 5281600) in terms of overall stability. In
contrast, ginkgetin (CID: 5271805), despite exhibiting the best PCA clustering, demonstrated a
higher RMSD (4.67 A) and weaker MM/PBSA binding energy (— 16.07 kJ/mol), limiting its
potential despite acceptable hydrogen bond persistence. Overall, the MD simulation results
highlighted amentoflavone (CID: 5281600), a phytochemical derived from Taxus baccata, as the
most promising lead for developing EZH2 inhibitors capable of overcoming melanoma therapy

resistance.



5. Conclusions

Targeting EZH2 represents a promising therapeutic strategy for overcoming resistance to
melanoma. However, the scarcity of approved EZH2 inhibitors and the limitations of SAM-
competitive agents underscore the need for novel scaffolds. In this context, the present study
screened 98 phytochemicals derived from Taxus baccata to identify potential candidates against
EZH2, aiming to address therapeutic resistance in melanoma. Virtual screening and molecular
docking analyses identified four phytochemicals—sotetsuflavone (CID: 5494868), ginkgetin (CID:
5271805), amentoflavone (CID: 5281600), and podocarpusflavone A (CID: 5320644)-with
superior binding affinities and interaction profiles compared to standard inhibitors. ADME,
toxicity, and biological activity predictions further supported their drug-likeness and safety,
whereas quantum chemical and molecular dynamics analyses validated their stability and
reactivity. Among these, amentoflavone (CID: 5281600) exhibited the most favorable overall
properties, suggesting its potential as a lead EZH?2 inhibitor. The Taxus genus, already known to
yield clinically approved anticancer agents, adds credibility to the pharmacological potential of 7.
baccata phytochemicals. This study provides, for the first time, computational evidence

highlighting the potential of 7. baccata to target epigenetic regulators for cancer treatment.

However, computational methods have intrinsic limitations. While they offer efficient and cost-
effective approaches for early drug discovery, their precision depends on data quality and
algorithmic robustness. Experimental validation remains indispensable to confirm the predicted
efficacy and pharmacokinetic behavior of these compounds!!*!!#, In-vitro cytotoxic assays using
A375 and A375-resistant (A375R) cell lines could verify their potential against resistant melanoma
phenotypes, while melanoma xenograft models could assess tumor suppression and metastasis
inhibition. Moreover, evidence suggests that EZH?2 inhibitors may achieve maximal benefit when
used in combination with other therapies'”; thus, future studies should explore potential synergistic
effects. Optimization of pharmacokinetic parameters, along with scalable extraction or synthesis
processes, will be essential for translational development. Inter-individual variations influenced
by genetic and environmental factors should also be considered to design personalized therapeutic

strategies.

In conclusion, this study identified promising Taxus baccata-derived phytochemicals as potential

EZH2 inhibitors, establishing a strong computational foundation for future experimental



validation. The integration of computer-aided drug design (CADD) has significantly accelerated
lead identification and reduced the need for extensive synthesis and biological screening, with
several marketed drugs discovered or optimized through such methods'". The present findings
therefore hold promise for advancing novel therapeutic approaches against therapy-resistant

melanoma.
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Tables

Table 1.

Physicochemical property evaluation of the shortlisted phytochemicals and reference inhibitors

3 = 2 e .2 | = 38 =
=, |z E|EEEEE]2 |2 |8 |E. Bz B

BEERNEEIE R EE IR R E R EE R EE CER:

1. | Sotetsuflavone 552.48 | 41 |32 4 10 |5 170.80 | 4.04 - Poorly
(CID: 5494868) 6.96 | soluble

2. | Ginkgetin (CID: | 566.51 | 42 |32 5 10 |4 |159.80|4.34 - Insoluble
5271805) 7.17

3. | Amentoflavone 538.46 | 40 |32 3 10 |6 | 181.80 |3.62 - Poorly
(CID: 5281600) 6.75 | soluble

4. | Podocarpusflavone | 552.48 | 41 | 32 4 10 |5 |170.80|4.03 - Poorly
A (CID: 5320644) 6.96 | soluble

5. | Tazemetostat 57274 1 42 | 18 10 |5 2 18690 |4.39 - Poorly
(CID: 66558664) 5.68 | soluble

6. | GSK 126 (CID: |526.67 |39 |21 8 4 3 19505 |4.04 - Poorly
68210102) 5.41 | soluble

Table 2.

Drug-likeness and medicinal chemistry profile of the shortlisted phytochemicals and reference inhibitors.

No Name Lipinski Bioavailability | PAINS Synthetic accessibility
Score
1. Sotetsuflavone Yes; 1]0.55 0 4.37
(CID: 5494868) violation
2. Ginkgetin (CID: | Yes; 1]0.55 0 4.50
5271805) violation




Amentoflavone (CID: | No; 0.55 4.27
5281600) violations

Podocarpusflavone A | Yes; 0.55 4.31
(CID: 5320644) violation

Tazemetostat Yes; 0.55 4.43
(CID: 66558664) violation

GSK 126 (CID: | Yes; 0.55 4.65
68210102) violation




Table 3.

Evaluation of ADME properties of the selected phytochemicals and the controls.
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Table 4.

Predicted antineoplastic activity of the selected phytochemicals and the controls against

melanoma.

Compounds Antineoplastic (Melanoma)
No | Name Pa Pi

1. Sotetsuflavone (CID: 5494868) 0.367 0.014

2. Ginkgetin (CID: 5271805) 0.353 0.015

3. Amentoflavone (CID: 5281600) 0.353 0.015

4. Podocarpusflavone A (CID: 5320644) 0.358 0.014

5. Tazemetostat (CID: 66558664) N/A N/A

6. GSK 126 (CID: 68210102) N/A N/A

Table S.

Predicted toxicological profiles of the shortlisted compounds and controls

No

(D]
=
3 =
2 | E
S
s <
ERER-
) Bl ©
5 5 3B
Z © H =

Human

hepatotoxicity (H-

HT)

Carcinogenici ty

Cytotoxicity
Mutagenicity




Sotetsuflavone Low | Low Low Low Inactive Inactive
(CID: 5494868) | (0.06) | (0.07) | (0.12) (0.04) (0.93) (0.81)
Ginkgetin (CID: | Low | Low Low Low Inactive | Inactive
5271805) (0.06) | (0.04) | (0.17) (0.04) (0.93) (0.80)
Amentoflavone Low | Low Low Low Inactive Inactive
(CID: 5281600) | (0.06) | (0.09) | (0.14) (0.04) (0.98) (0.71)
Podocarpusflavon | Low | Low Low Low Inactive | Inactive
e A (CID: | (0.06) | (0.06) | (0.17) (0.03) (0.93) (0.81)
5320644)

Tazemetostat High | Moder | High Low Inactive | Inactive
(CID: 66558664) | (0.92) | ate (0.86) (0.07) (0.65) (0.67)

(0.63)

GSK 126 (CID: | Mode | High | High Low Inactive | Active
68210102) rate (0.70) | (0.98) (0.06) (0.64) (0.57)

(0.30)




Table 6.

Predicted cytotoxicity of shortlisted compounds and controls against skin tumor and non-tumor cell lines

using CLC-Pred (Pa > Pi).

Tumor Cell-lines Normal Cell-lines
No Name Pa Pi Cell line Pa Pi Cell line
1. 0.254 0.135 M19-MEL 0.190 0.015 HaCaT
5 0.208 0.146 G-361 0.122 0.066 CRL-7065
S 3 0.205 0.16 SK-MEL- 0.065 0.059 HS27
) 28
3
2 0.186 0.166 | SK-MEL- ; ] _
N 2
30
N 0.371 0.108 SK-MEL- - - -
1
2. 0.236 0.154 M19-MEL 0.185 0.016 HaCaT
a 0.210 0.153 SK-MEL- 0.122 0.066 CRL-7065
S 28
£ 0.197 0.167 G-361 - - -
23S 0.190 0.161 SK-MEL- - - -
=Rt 2
O 0.363 0.119 SK-MEL- - - -
1
3. > 0.236 0.098 G-361 0.204 0.012 HaCaT
= as 0.078 0.037 SK-MEL- 0.119 0.076 CRL-7065
= 00 ©
=R 103
QO ¢ o0
£ 2 0.384 0.091 SK-MEL- - - -
< © 1
4. 0.218 0.179 M19-MEL 0.185 0.016 HaCaT
< 0.205 0.142 SK-MEL- 0.118 0.077 CRL-7065
25 2
g foé 0.201 0.159 G-361 0.068 0.054 HS27
= Q 0.198 0.169 SK-MEL- - - -
2.\ 28
s 8 0.192 0.183 Malme- - - -
@ S 3M
~ 0.366 0.114 SK-MEL- - - -
1




5. - © N/A N/A N/A N/A N/A N/A
= .. %
R EE A
= 828<%
6 < o N/A N/A N/A N/A N/A N/A
252
8% a
Table 7.
Calculated frontier molecular orbital (FMO) energies and associated global reactivity descriptors.
Name Enomo | Erumo | 1 A Egop |1 X H ) z
Sotetsuflavone - - -
0.227 | 0.083 | 0.144 0.155]0.072 | 0.166 | 13.888
(CID: 5494868) 0.227 | 0.083 0.155
Ginkgetin (CID: | — - -
0.226 | 0.083 | 0.143 0.154 1 0.071 | 0.166 | 13.986
5271805) 0.226 | 0.083 0.154
Amentoflavone - - -
0.229 | 0.084 | 0.145 0.156 | 0.072 | 0.168 | 13.7931
(CID: 5281600) 0.229 | 0.084 0.156
Podocarpusflavone | — - -
0.229 | 0.085 | 0.144 0.157 1 0.072 | 0.171 | 13.888
A (CID: 5320644) | 0.229 | 0.085 0.157
Tazemetostat - - -
0.198 | 0.040 | 0.158 0.119 1 0.079 | 0.089 | 12.658
(CID: 66558664) | 0.198 | 0.040 0.119
GSK 126 (CID: |- - -
0.182 1 0.042 | 0.140 0.112 | 0.070 | 0.0896 | 14.285
682101020) 0.182 | 0.042 0.112
Table 8.

The average values with standard deviations (SD) of RMSD, RMSF, Rg, SASA, H-bonds, and MM-

PBSA-based binding free energy (AG) for all protein—ligand complexes

Complex RMSD RMSF Rg SASA H bond MMPBSA
Sotetsuflavone 2835 £ | 1.719 +£|18956 +|11929.186 | 422.736 =
(CID:5494868) 0.415 0.750 0.240 +184.157 | 12.025 —67.531 +£59.585




Ginkgetin 4.668 2.881 19.359 +|12102.725 | 430.569 +

(CID:5271805) 1.320 1.672 0.302 +229.820 | 11.811 —16.066 + 46.801
Amentoflavone 3.267 2.154 18.879 + | 11786.486 | 424.599 +

(CID:5281600) 0.407 1.042 0.274 +293.281 | 12.094 —101.725 +42.594
Podocarpusflavone | 3.553 1.955 18.868 + | 11896.720 | 424.526 +

A (CID:5320644) | 0.554 1.123 0.160 +241.234 | 12.839 —45.320 +£36.292
Tazemetostat 3.804 2.316 19.359 +|12352.470 | 422.920 +

(CID:66558664) 0.751 1.314 0.297 +263.408 | 11.292 +7.377 £ 40.474
GSK 126 | 3.208 2.063 19.133 £ | 12134.507 | 429.242 +

(CID:68210102) 0.673 1.152 0.247 +199.646 | 14.325 —67.768 +40.508
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Figure 1: Protein validation plots. (A) PROCHECK Ramachandran plot, (B) MolProbity
Ramachandran plot, (C) ProSA-Web Z-score, and (D) ProSA-Web local quality profile
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Figure 2: Active site prediction and grid generation. (A) Top 3 pockets predicted by CASTpFold,
(B) Top 3 druggable pockets predicted by PockDrug, and (C) Grid box parameters with surface

representation of the target region.
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Figure 3: Docking scores (kcal/mol) of top T. baccata compounds compared with control ligands.
Negative values above each bar denote the binding affinities. Tazemetostat and GSK 126 served as

controls.
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Figure 4: Structural representation of shortlisted ligands and control compounds bound to the
target protein active site. The left panel of each image depicts the 3D surface view of the ligand
within the protein’s active site, while the right panel illustrates the corresponding 2D protein-

ligand interaction map.
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Figure 5: Thermodynamic properties of the shortlisted compounds from 7. baccata and the

controls. (A) Gibbs free energy values. (B) Dipole moment values
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Figure 6: Frontier molecular orbitals (HOMO-LUMO) and energy gaps of the shortlisted
phytochemicals and controls. Depicted are the HOMO and LUMO distributions with respective
energy gap (AE) values, representing the electronic properties and stability of each compound.
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Figure 7: Molecular electrostatic potential (MEP) maps of shortlisted compounds from 7. baccata. The MEP
maps illustrate the charge distribution across each molecule: blue indicates regions of positive potential (low
electron density), red denotes negative potential (high electron density
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Figure 8: Molecular Dynamic Simulation Analysis Structural Stability (100 ns) (A) Root mean square
deviation (RMSD) (B) Root mean square fluctuation (RMSF) (C) Radius of gyration (Rg) analysis (D) Solvent

accessible surface area (SASA)
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Figure 9: Molecular Dynamic Simulation Interaction Stabilities (100 ns). (A) Hydrogen bond
analysis (B) Binding free energy MMPBSA
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Figure 10: Principal Component Analysis (PCA) of six complexes from 100 ns molecular
dynamics simulations The PCA plots depict the structural dynamics and conformational variability
of the six protein—ligand complexes over the 100 ns simulation, highlighting dominant motions

and collective fluctuations in each system.



(A) DCCM of Sotetsuflavone (CID: 5494868) (B) DCCM of Ginkgetin (CID: 5271805) (€ DCCM of Amentoflavone (CID: 5281600)

200 200
150 150
g Cor;lmlon g Co1rr°elation g Co%olalion
] 05 El 05 g 05
B 100 00 T 00 T 100 00
] 05 [ 05 ® 05
& s, & i, & u,
50 50
0 0
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
Residue No. Residue No. Residue No.
(D) DCCM of Podocarpusflavone A (CID: 5320644) ( E) DCCM of Tazemetostat (66558664)_ Control (F)  DCCM of GSK 126 (CID: 68210102)
200 Lol 200
150 150 150
. . [}
zo g z Cogglnhn
- g 2 05
T B 100 B0 0.0
@ ® 05
§ 3 & i,
50 50 50
o 3 0
0 50 100 150 200
o 100 150 200 .
Residue No. ’ ResidueNo. * Residue No.

Figure 11: Dynamic Cross-Correlation Matrix (DCCM) analysis of protein-ligand complexes
from 100 ns molecular dynamics simulations. The DCCM plots illustrate correlated and anti-
correlated atomic motions within the protein structures over 100 ns, revealing regions of concerted

dynamics and functional connectivity in each complex.
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