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Background: Lung cancer remains a dominant cause of cancer mortality, and impaired apoptosis mediated
by anti-apoptotic Bcl-2 family proteins contributes to persistence and treatment resistance. Phytochemicals
from Reevesia formosana display reported anti-NSCLC (Non-Small Cell Lung Cancer) activity, yet target-
level mechanisms remain incompletely defined.

Objectives: To prioritize Reevesia formosana phytochemicals as putative Bcl-2 (PDB ID: 6GLS8) inhibitors
and to derive mechanistic insight through multiscale computation.

Materials and methods: Six phytochemicals and the reference Tivantinib were docked to 6GL8, and the
top candidate (CPD1) was evaluated by 100 ns molecular dynamics simulations alongside Tivantinib.
MMGBSA binding free energies were computed from 125 snapshots spanning 20-100 ns. ADMET
properties were predicted using pkCSM. Frontier-orbital and global reactivity descriptors were obtained by
DFT.

Results: Docking ranked CPD1 highest (-10.15 kcal/mol) relative to Tivantinib (-8.83 kcal/mol), with
hydrogen bonding to Tyr108 and Arg129 and extensive pocket complementarity. MD trajectories indicated
a more confined CPD1-6GL8 complex (RMSD mainly 0.18-0.22 nm) than Tivantinib-6GL8 (0.21-
0.26 nm, occasional 0.27-0.28 nm), with comparable compactness (Rg of 1.44 nm) and bounded SASA.
Hydrogen-bond counts supported intermittent polar anchoring for CPD1 (0-3) and higher early sampling
for Tivantinib. MMGBSA favored CPD1 (ATOTAL -32.87 + 4.28 kcal/mol) over Tivantinib (-17.27 +2.81
kcal/mol), supported by stronger AVDWAALS (-40.76 vs -31.34 kcal/mol) and a smaller AG_SOLYV (20.28
vs 24.14 kcal/mol). ADMET prediction indicated high intestinal absorption with limited solubility,
restricted BBB/CNS permeability, fewer CYP inhibition flags, and no hepatotoxicity alert for CPD1, while
hERG |1 inhibition was flagged for both ligands. DFT showed similar EHOMO (eV) but a narrower AE
(eV) and higher o (eV) for CPD1 than for Tivantinib.

Conclusions: Integrated modeling prioritizes CPD1 as a Bcl-2-targeting scaffold for lung cancer-relevant
studies, supporting structure-guided optimization and experimental verification.

KEY WORDS: ADMET; anti-apoptosis; Bcl-2; MMGBSA; molecular modeling; Reevesia formosana.

Cancer was a leading cause of death globally in 2020, responsible for nearly 10 million
deaths, or about one in six total deaths, with major risk factors being lifestyle-related and
infections, disproportionately affecting low- and middle-income countries. Among of those,
lung cancer is a major global health issue, consistently the leading cause of cancer deaths
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worldwide, responsible for nearly 1.8 million deaths annually, driven primarily by tobacco but
also by air pollution, with disparities seen globally [1]. The primary cause of lung cancer is
smoking tobacco, responsible for 80-90% of cases, due to over 60 carcinogens in smoke, but
other major factors include secondhand smoke, radon gas, asbestos, air pollution, and genetic
predispositions, affecting both smokers and non-smokers [2]. Lung cancers are primarily
divided into two main groups: Non-Small Cell Lung Cancer (NSCLC), which is the most
common type (about 85%) and grows slower, and Small Cell Lung Cancer (SCLC), which is
more aggressive and makes up about 15% of cases, with a third, much rarer category being lung
carcinoid tumors [3]. In NSCLC, evasion of programmed cell death is frequently supported by
dysregulation of apoptosis-regulatory networks, including increased activity of anti-apoptotic
members of the Bcl-2 family, enabling survival of genetically compromised cells and
contributing to treatment resistance. Bcl-2 is a key anti-apoptotic protein that helps cancer cells,
including those in NSCLC, survive by preventing programmed cell death, often leading to
chemotherapy resistance [4, 5]. Accordingly, therapeutic inhibition of anti-apoptotic Bcl-2
family proteins may re-establish apoptotic signaling and mitigate resistance to standard
chemotherapy and radiotherapy in NSCLC.

Programmed cell death by apoptosis represents a tightly regulated biological pathway
defined by characteristic morphological and biochemical hallmarks, including cell shrinkage,
chromatin condensation, membrane blebbing, and caspase-driven proteolysis [6]. In many
cancers, impaired mitochondrial apoptosis is closely linked to dysregulation of the Bcl-2
family, a network of pro- and anti-apoptotic regulators that controls mitochondrial outer
membrane permeabilization and downstream caspase activation. Overexpression or functional
dominance of anti-apoptotic members such as Bcl-2 contributes to apoptosis evasion and
therapeutic resistance, supporting pharmacological blockade of Bcl-2 as a rational anticancer
strategy [7]. Consequently, the central role of Bcl-2-mediated apoptotic blockade in cancer
progression and drug resistance motivates the search for new, chemically diverse Bcl-2
inhibitors, for which natural products offer an especially rich and underexploited source of
apoptosis-modulating scaffolds [8].

Plant-derived compounds are crucial in drug discovery, providing complex scaffolds for
treatments like anticancer, highlighting their ongoing importance despite synthetic challenges,
as they offer unique structures and often lower toxicity than purely synthetic counterparts,
driving innovation in areas from oncology to neurology [9, 10]. Plant-derived compounds show
significant promise in treating NSCLC by inhibiting cancer cell growth, inducing death, and
modulating signaling pathways, often acting as adjuvants to enhance chemotherapy/targeted
therapy effectiveness and overcome drug resistance, highlighting their potential to improve
treatment outcomes and quality of life, though more clinical trials are needed [11, 12]. Building
on this therapeutic potential, computational modeling provides a rational and resource-efficient
framework to clarify how such phytochemicals engage molecular targets, prioritize candidates,
and generate mechanistic hypotheses prior to extensive experimental validation. The
mechanism of plant-derived compounds is unveiled computationally through a multi-stage
process that integrates various bioinformatics and cheminformatics methods. These approaches
streamline the traditional drug discovery pipeline, making it faster and more cost-effective than
solely experimental methods [11, 13]. Reevesia formosana Sprague is highly cytotoxic, with its
root, stem, and fruits containing potent anticancer compounds that showed significant activity
against various cancer cell lines, making it a standout among many Formosan plants studied for
their bioactivity. Previous study on this species led to the isolation of several phytochemicals
with anti NSCLC activity against the NCI-H460 cancer cell line [14]. Despite these advances,
the mechanistic underpinnings of their bioactivity, particularly within apoptosis-regulatory
pathways, remain underexplored. Therefore, the aim of this study was to prioritize selected
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phytochemicals from R. formosana as putative Bcl-2 (PDB ID: 6GLS8) inhibitors and to gain
mechanistic insight into their binding behavior using an integrated in silico approach, including
molecular docking, molecular dynamics simulations, MMGBSA, ADMET prediction, and
DFT-based electronic descriptors. The combined outputs support prioritization of these
phytochemicals for subsequent experimental validation and structure-guided optimization in
lung cancer-relevant models, while safety-related inferences remain provisional until
confirmation through dedicated in vitro and in vivo investigations.

MATERIALS AND METHODS

Structural preparation of selected ligands
These selected phytochemical, including reevesioside J (CPD1), epi-reevesioside K
(CPD2), reevesiterpenol C (CPD3), reevesiterpenol E (CPD4), strophanthidin (CPD5),
oleanolic acid (CPD6), have molecular formulas of C3oH440g, C30H38010, C15H2004, C16H160s,
Ca23H3206, C30Hag03, respectively, with molecular weights of 532.3036, 558.2465, 264.1362,
288.0998, 404.2199, 456.3603 g/mol. Tivantinib, possessing a molecular formula of
C23H19N30; and a molecular weight of 369.1477 g/mol, was chosen as the positive control

(Fig. 1).

g
Fig. 1. 3D structures of selected phytochemicals. (a) CPD1; (b) CPD2; (c) CPDS3; (d) CPD4; (e) CPD5; (f)
CPD6; (g) Tivantinib.

Molecular docking study

Three-dimensional geometries of the selected ligands were constructed with BIOVIA
Discovery Studio Visualizer and saved in PDB format. Polar hydrogen atoms were added,
Gasteiger partial charges were assigned, and all rotatable bonds were treated as flexible for the
docking procedure. The crystallographic structure of Bcl-2 (PDB ID: 6GL8) was retrieved from
the RCSB Protein Data Bank in PDB format [15]. Non-protein entities (co-crystallized ligand
and crystallographic waters) were removed to avoid bias in the binding site. The receptor was
checked for incomplete residues/atoms and corrected when needed. Polar hydrogens were
added, and Gasteiger partial charges were assigned to the receptor. The prepared receptor was
saved in PDBQT format for docking. Ligand-protein docking was performed in AutoDock
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Tools, using a grid with 60 points along each of the X, y, and z directions and a spacing of 0.375
A. The grid was centered on the binding pocket of 6GL8, defined by coordinates x = 9.866 A,
y =0.590 A, and z = 16.717 A. Conformational sampling employed the Lamarckian genetic
algorithm, which enabled identification of low-energy binding modes and energetically
favorable interaction patterns. For each ligand, the highest-ranked pose was subsequently
examined in Discovery Studio Client 2024 and compared with the docking configuration of
Tivantinib on the same Bcl-2 structure in order to assess similarities in binding mode and
interaction profile [16].

Molecular dynamics simulation

Molecular dynamics simulations of the highest-ranked docking pose of the ligand in
complex with the Bcl-2 protein (PDB 1D: 6GL8) were performed for 100 ns using GROMACS
2024.4 [17]. Prior to the production stage, the protein structure was refined in Swiss-PdbViewer
by reconstructing missing residues and atoms [17]. Force-field parameters compatible with the
simulation were generated for the ligand using SwissParam [18]. The refined complex was
inserted into a triclinic simulation box containing SPC water molecules and supplemented with
0.15 M NacCl to reproduce physiological ionic strength. Energy minimization was executed for
50,000 steps to reduce steric conflicts and stabilize electrostatic interactions. System
equilibration employed a two-phase protocol, consisting of a 200 ps NVT stage followed by a
200 ps NPT stage, both maintained at 300 K and 1 bar. Production simulations were conducted
in three independent replicas, each extending for 100 ns with a 2 fs integration timestep, and
trajectory frames were stored every 10 ps. Trajectory analysis with Grace quantified root mean
square deviation (RMSD), root mean square fluctuation (RMSF), radius of gyration (Rg),
number of hydrogen bonds (H-bonds), and solvent-accessible surface area (SASA). Structural
superimposition in UCSF Chimera 1.13.3 allowed assessment of conformational stability
across all simulated complexes [19]. To evaluate interaction persistence, ligand orientations at
0 ns and 100 ns were aligned within the binding site, and the continuity of hydrogen bonding,
van der Waals forces, and hydrophobic interactions throughout the 100 ns simulation was
examined to provide insight into the durability and dynamical behavior of the complex.

Binding free energy calculation using MMGBSA

Binding free energy estimation for the CPD1-6GL8 and Tivantinib-6GL8 complexes was
conducted with the gmx_MMPBSA workflow under the charmm36 force field. The polar term
of solvation was evaluated using a generalized Born implicit-solvent formulation, whereas the
non-polar contribution was derived from solvent-accessible surface area calculations.
Calculations were performed on an ensemble of snapshots obtained from the molecular
dynamics trajectories during the 20-100 ns window (80 ns total), comprising 125 evenly
distributed frames sampled at 80 ps intervals. This trajectory-averaged strategy allowed
quantitative comparison of the interaction energetics of the two ligands, thereby elucidating
differences in relative binding affinity and complex stability across the analyzed simulation
segment [20].

ADMET prediction
Assessment of ADMET attributes constitutes a fundamental component of preclinical
screening, enabling early recognition of pharmacokinetic limitations and safety liabilities,
reducing late-stage failure, and improving prioritization of candidates with favorable
therapeutic potential. In the present work, the pkCSM platform was employed to predict the
ADMET profiles of CPD1 and Tivantinib. pkCSM generates estimates using graph-based
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molecular signatures, thereby supporting a structured evaluation of absorption, distribution,
metabolism, excretion, and toxicity characteristics for the selected compounds [21].

Quantum DFT Analysis

Geometry optimisation of CPD1 and Tivantinib was executed in the ORCA quantum-
chemistry package (v6.1.0). Starting conformations were generated in Avogadro, whereas
molecular orbital inspection and associated electronic evaluations were performed in IboView
(v20211019) [22—-24]. Density functional theory calculations were carried out using the B3LYP
exchange-correlation functional in combination with the 6-31G(d,p) basis set to obtain
consistent electronic wavefunctions. Using the converged, fully optimised structures, quantum-
chemical descriptors were computed, including the energies of the highest occupied molecular
orbital (HOMO) and the lowest unoccupied molecular orbital (LUMO), the HOMO-LUMO
energy gap (AE), chemical potential (p), electronegativity (), global hardness (1), softness (o),
and electrophilicity index (o). These indices were interpreted under the Koopmans’ theorem
framework to delineate electronic characteristics and infer the chemical reactivity of the
investigated compounds [25, 26].

RESULTS AND DISCUSSION

Molecular docking analysis

Molecular docking assess how well potential drug molecules fit into a protein's binding
site, predicting their binding affinity and pose, crucial for drug discovery to find potent
inhibitors by ranking compounds based on scores and identifying key interactions with the
target protein, often followed by more detailed molecular dynamics simulations for stability
analysis. Before docking the ligands into 6GL8, protocol performance was assessed by re-
docking the co-crystallized ligand (Fig. 2). The re-docked conformation closely matched the
experimentally observed binding orientation, with an RMSD of 0.7540 A, supporting adequacy
of the docking parameters and search space definition. In docking validation, RMSD values
below 2 A are commonly regarded as indicative of acceptable pose reproduction and
methodological reliability [27]. After validation, docked conformations were ranked by
predicted binding score, where increasingly negative binding energies (kcal/mol) correspond to
more favorable predicted binding.

Fig. 2. The superimposition of the docked and native ligands within 6GL8 protein for validation of the molecular
docking protocol (violet = native, green = docked).

As summarized in Table 1, docking-derived binding energies and residue-level contact
patterns were evaluated for six phytochemical candidates (CPD1-CPD6) within a conserved
pocket characterized by recurrent participation of Phe104, Tyr108, Aspl111, Phell2, GIn118,
Leul37, Alal49, and Phel53. Tivantinib served as the reference ligand under the same docking
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protocol. Across all complexes, the interaction landscape reflected a combination of hydrogen
bonding and short-range contact complementarity within an aromatic-aliphatic cavity enriched
in Phe and Tyr side chains, with polar anchoring frequently involving Asp111 and GIn118.

Table 1. The interactions between the docked ligands and the protein 6GL8

Docked | Binding energy | Hydrogen Van der Waals Hydrophobic interaction
ligands (kcal/mol) bond force
CPD1 -10.15 Tyrl08, Asplll, Phell2, | PhelO4, Tyr108, Metl15,
Argl29 GIn118, Thr132, Leull9, Val133, Phel53
Glul36, Leul37,
Alal49
CPD2 -9.25 - Met115, GIn118, | Phel04, Tyr108, Leull9,
His120, Arg129, Vall133, Alal49, Phel53
Thrl132, Glul36,
Argl46
CPD3 -6.64 - Asplll, GInl118, | Phel04, Tyrl108, Phell2,
Leull9, Vall33, | Metl115, Leul37, Alal49
Glul52, Phel53
CPD4 -6.44 GInl118 Asplll, Glull4, | Phel0O4, Tyrl108, Phell2,
Phel52 Met115, Leull9, Val133,
Leul37, Alal49
CPD5 -6.87 GInl118 Tyrl08, Asplll, | Phel04, Phell2, Metl115,
Leull9, Argl29, Val133, Phel53
Alal49, Glul52
CPD6 -8.78 Asplll, Phel04, GIn118, | Phell2, Met115, Leull9,
Argl29 Thrl32, Glul36, | Argl29, Val133, Phel53
Leul37
Tivantinib -8.83 Alal49 Asplll, GInl18, Phel04, Tyr108, Phell2,
Leul37, Phel50, | Met115, Leull9, Vall133,
Glul52, Phel53 Alal49

Within the selected ligands, predicted affinities spanned -10.15 to -6.44 kcal/mol. CPD1

exhibited the most favorable binding energy (-10.15 kcal/mol) and engaged the full set of
canonical pocket residues (Phel04, Tyr108, Asplll, Phell2, GIn118, Leul37, Alal49,
Phel53). In addition, CPD1 formed two hydrogen bonds involving Tyr108 and Argl29,
consistent with a binding pose stabilized by both aromatic enclosure and directional polar
constraints (Fig. 3a). CPD2 ranked second by docking score (-9.25 kcal/mol) and maintained
contacts with key residues (Phe104, Tyr108, GIn118, Leul37, Alal49, Phel53), with additional
proximity to Argl146. However, no hydrogen bond was annotated for CPD2, suggesting that the
predicted stabilization may primarily arise from nonpolar packing and van der Waals
complementarity rather than explicit polar locking. The selected receptor 6GL8 is a co-crystal
structure of Bcl-2 bound to S55746, a selective BH3-mimetic that occupies the hydrophobic
groove of Bcl-2. In the reported binding mode, S55746 forms a single hydrogen bond to the
backbone carbonyl of Alal49 and is stabilized by extensive hydrophobic and van der Waals
interactions within the BH3 groove [15]. Based on the deposited 6GL8 coordinates, residues
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lining the S55746 pocket include Phel04, Tyr108, Asp111, Phell12, Met115, GIn118, Val133,
Glul36, Leul37, Gly145, Argl46, Alal49, Glul52, and Phel53, defining a conserved
aromatic-aliphatic cavity. Notably, CPD1 recapitulates multiple key groove contacts observed
for S55746, including Phel104, Tyr108, Aspl1l, Phell2, Met115, GIn118, Val133, Glul36,
Leul37, Alal49, and Phel53, supporting that CPD1 is positioned within the canonical BH3-
binding groove similarly to a crystallographically validated Bcl-2 inhibitor, while exhibiting an
alternative polar-anchoring pattern (Tyr108 and Arg129).

The reference compound Tivantinib yielded a binding energy of -8.83 kcal/mol, with
contacts mapped to the core pocket residues (Phel04, Tyrl08, Asplll, Phell2, GInl118,
Leul37, Alal49, Phel53) and a hydrogen bond assigned to Alal49. CPD6 displayed a closely
comparable affinity (-8.78 kcal/mol) and contacted Phe104, Asp111, Phel12, GIn118, Leul37,
and Phe153, while the hydrogen-bond network involved Asp111 and Arg129. Notably, Alal49
did not appear among the CPD6 contact residues, indicating a slightly shifted occupancy within
the pocket relative to Tivantinib, despite preservation of interactions around Asp111/GIn118
and the aromatic residues (Fig. 3b).
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Fig. 3. Molecular docking model and 2D interaction diagram of CPD1 (a), and Tivantinib (b) with 6GL8 protein.
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The remaining ligands showed more moderate predicted stabilization. CPD5 produced -
6.87 kcal/mol and included a hydrogen bond to GIn118, alongside contacts with Phel04,
Tyrl08, Asplll, Phell2, Alal49, and Phel53. CPD3 (-6.64 kcal/mol) and CPD4 (-6.44
kcal/mol) both retained the canonical pocket residue set, yet CPD3 lacked annotated hydrogen
bonding whereas CPD4 presented a single hydrogen bond to GIn118. Collectively, the dataset
indicates that higher affinity within this series coincided with retention of the core pocket
residues, supplemented in several cases by hydrogen-bond formation at Tyr108, Asplll,
GInl118, Alal49, or Argl29. On the basis of docking, CPD1 and CPD2 outperformed
Tivantinib, while CPD6 showed near-equivalent affinity. CPD1 was therefore advanced to
molecular dynamics as the top-ranked scaffold, with CPD2 and CPD6 reserved for subsequent
simulation-based validation.

Molecular dynamics simulations analysis

Molecular dynamics simulation represents a widely adopted approach in contemporary
drug discovery, enabling time-resolved, atomistic characterization of ligand-target recognition.
By propagating atomic trajectories under defined thermodynamic conditions, molecular
dynamics elucidates conformational flexibility, binding-mode stability, and interaction
energetics that inform mechanistic interpretation of molecular association. The resulting
ensembles provide access to protein dynamical behavior, including transient pocket formation
and allosteric communication, and delineate the influence of solvent structure and water-
mediated contacts on affinity and selectivity. These capabilities facilitate rational lead
optimization and can reduce reliance on extensive experimental iteration; however, integration
with experimental validation remains essential to ensure translational reliability of
computational predictions [28]. Integrating molecular docking with molecular dynamics
provides an efficient structure-based workflow: docking rapidly screens binding poses and
approximates affinity, whereas molecular dynamics evaluates time-dependent stability under
conformational flexibility and solvent effects. This combination reduces false positives and
improves lead optimization from initial hits to refined candidates [29]. Therefore, the evaluation
systematically investigated RMSD, RMSF, Rg, H-bonds, and SASA metrics to determine the
stability, flexibility, and solvent exposure of the CPD1-6GL8 and Tivantinib-6GL8 complexes
throughout the simulation. Consequently, the total energy and potential energy values for the
CPD1-6GL8 complex were found to be -227,502 kJ/mol and -282,584 kJ/mol, respectively. For
the Tivantinib-6GL8 complex, the total energy and potential energy values were measured at -
228,160 kJ/mol and -283,113 kJ/mol, respectively. The simulation system maintained
equilibrium at a temperature of 300 K.

Root mean square deviation (RMSD) provides a time-resolved measure of structural
departure from the starting reference after optimal superposition, and is routinely applied to
evaluate equilibration behavior and overall conformational stability during molecular dynamics
simulations [30]. Over the 100 ns trajectory, the CPD1-6GL8 complex exhibited an initial
accommodation within the first several nanoseconds and subsequently remained largely
confined, with RMSD values predominantly distributed around 0.18-0.22 nm (Fig. 4a). In
contrast, the Tivantinib-6GL8 complex showed a comparable early regime but transitioned
toward higher RMSD after approximately the first third of the simulation, fluctuating mainly
around 0.21-0.26 nm with sporadic excursions approaching 0.27-0.28 nm. The absence of
abrupt jumps suggests preservation of the folded framework in both systems; however, the
consistently lower RMSD envelope observed for CPD1 indicates tighter structural confinement
relative to the reference ligand under the simulated conditions.
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Fig. 4. Results of MD simulation for the bindings of CPD1 (blue) and Tivantinib (red) with 6GL8 protein. (a)
RMSD, (b) RMSF, (c) Rg, (d) H-bonds, and (e) SASA.

Root mean square fluctuation (RMSF) quantifies residue-wise mobility around the time-
averaged position, enabling localization of flexible segments and comparatively rigid
secondary-structure elements [31]. After recalculation of RMSF on a residue basis from the 100
ns trajectories, both complexes displayed the expected non-uniform fluctuation pattern across
6GL38, with the highest mobility localized at the N-terminal region and several additional local
maxima along the sequence (Fig. 4b). The largest fluctuation was observed at Gly7 in both
systems, reaching 0.249 nm for CPD1-6GL8 and 0.456 nm for Tivantinib-6GL8, indicating
markedly greater terminal mobility in the Tivantinib-bound complex. Beyond the N-terminus,
local fluctuation peaks were evident in the regions around residues 24-35, 48-50, and most
prominently 114-120, with Tivantinib generally producing higher RMSF values than CPD1. In
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particular, the 114-120 segment reached approximately 0.116-0.129 nm in the CPD1-6GL8
complex, whereas the corresponding values in the Tivantinib-6GL8 complex increased to about
0.147-0.193 nm. Across most of the remaining structured residues, RMSF values remained
relatively low, predominantly within 0.04-0.09 nm for both systems, consistent with
preservation of the overall protein fold during simulation. Collectively, the corrected residue-
wise RMSF analysis indicates that the Tivantinib-bound complex undergoes somewhat greater
local mobility than the CPD1-bound complex, whereas CPD1 maintains comparably lower
fluctuations over much of the 6GL8 structure, supporting slightly greater dynamic stabilization
under the simulated conditions. Because the crystallographic structure of 6GL8 contains
unresolved segments, residue numbering in the RMSF plot follows the native PDB indexing,
and missing regions are absent from the profile rather than analyzed as continuous residues.

The radius of gyration (Rg) reflects mass-weighted compactness of the protein assembly
and is commonly monitored to detect expansion or compaction events during simulation. As
shown in Figure 4c, both complexes maintained Rg within a narrow band centered near 1.44
nm, indicating sustained global compactness without signatures of unfolding. CPD1-6GL8
fluctuated approximately within 1.42—-1.47 nm, with a modest upward tendency after 65 ns
toward the 1.45-1.46 nm region. Tivantinib-6GL8 occupied a similar interval but exhibited a
clearer transient compaction during 75-85 ns, with minima approaching 1.41-1.42 nm. These
patterns indicate stable global architecture for 6GL8 in both ligand-bound states, with small
ligand-dependent shifts in compactness.

In molecular dynamics, the number of hydrogen bonds (H-bonds) indicates the strength,
stability, and structural integrity of interactions, showing how many temporary links form
between molecules over time; a higher count often means stronger binding/structure, while
tracking changes reveals dynamic processes like protein folding, binding/unbinding, or solvent
effects, influencing overall system stability and function [32]. Across the 100 ns simulation
(Fig. 4d), the CPD1-6GL8 complex exhibited H-bonds values primarily between 0 and 2,
interspersed with short-lived events reaching 3. The Tivantinib-6GL8 complex displayed a
broader distribution, commonly populating 1-2 and frequently sampling 3 during the early
segment of the trajectory, with an isolated spike reaching 4 near the late stage. Collectively, the
profiles indicate that polar contacts persisted intermittently in both systems; the reference ligand
showed a higher early-time propensity for multiple H-bonds, whereas CPD1 maintained
stability despite a lower upper bound for most of the trajectory.

Solvent-accessible surface area (SASA) reports the extent of solvent exposure and is
sensitive to changes in packing and conformational breathing motions. The SASA traces for both
complexes remained within a confined range throughout 100 ns, without sustained drift indicative
of progressive expansion or collapse (Fig. 4e). CPD1-6GL8 fluctuated approximately within 79—
90 nm? and showed a modest elevation during 60-85 ns relative to earlier frames, consistent with
slightly increased solvent exposure. Tivantinib-6GL8 spanned roughly 78-89 nm? and displayed
comparatively lower SASA during the same window, suggesting transiently reduced exposure
and marginally tighter packing. The broadly similar oscillatory behavior across both systems
supports stable solvent-exposed surface properties over the analyzed trajectory.

Collectively, the integrated molecular dynamics descriptors delineate the dynamic stability
and binding behavior of the CPD1-6GL8 and Tivantinib-6GL8 complexes, underscoring the
contribution of 6GL8 pocket dynamics to ligand accommodation. The CPD1-6GL8 system
exhibited a generally lower RMSD envelope with comparable compactness and controlled
residue-level mobility in the Gly7-Gly203 region, supporting a slightly more stable association
than the Tivantinib-6GL8 complex under identical conditions. These observations indicate that
CPD1 can sustain persistent binding within the 6GL8 site and merits prioritization as a
promising alternative scaffold for further investigation.
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MMGBSA calculation

MMGBSA (Molecular Mechanics/Generalized Born Surface Area) is a fast, efficient
computational method in drug discovery that estimates ligand-receptor binding free energy by
combining molecular mechanics with implicit solvation models, analyzing snapshots from
molecular dynamics) to score potential drug candidates, rank binding poses, and predict relative
affinities, helping to filter promising compounds by breaking down energy into gas-phase, polar
solvation, and nonpolar contributions. It's a powerful tool for virtual screening and lead
optimization, offering a good balance between accuracy and computational cost compared to
more rigorous methods [33]. Binding free energies of the CPD1-6GL8 and Tivantinib-6GL8
complexes were quantified using the MMGBSA scheme, where the binding term is defined as
AG bind = G_complex - (G _receptor + G_ligand). Although AG bind can be written in the
thermodynamic form AH - TAS, omission of configurational entropy yields an enthalpy-
weighted metric that remains informative for relative ranking when both ligands are evaluated
under the same trajectory sampling and energy model. Energy decomposition was used to
resolve the balance between gas-phase interactions (AG_GAS = AVDWAALS + AEEL) and
solvation contributions (AG_SOLV = AEGB + AESURF), enabling interpretation of the
dominant stabilization factors.

Table 2. Free energy of binding obtained using MMGBSA calculations

Energy Average (kcal/mol) Standard Deviation
Component  —=5516GL8 | Tivantinib- CPD1-6GLS Tivantinib-

6GLS 6GLS
AVDWAAALS -40.76 -31.34 3.62 278
AEEL -12.38 -10.07 8.53 6.05
AEGB 25.22 28.45 7.93 472
AESURF -4.93 431 0.51 0.29
AGGAS -53.15 “41.41 10.46 6.19
AGSOLV 20.28 24.14 755 457
ATOTAL -32.87 17.27 4.28 2.81

Consistent with the docking prioritization of CPD1 and the subsequent dynamics indicating
tighter structural confinement, MMGBSA analysis produced negative total binding free
energies for both complexes, with a pronounced advantage for CPD1. As detailed in Table 2,
the mean ATOTAL reached -32.87 + 4.28 kcal/mol for CPD1-6GL8, compared with -17.27 +
2.81 kcal/mol for Tivantinib-6GL38, corresponding to a 15.60 kcal/mol more favorable estimate
for CPD1. The larger dispersion for CPD1 suggests broader energetic sampling across the
trajectory, yet the mean difference remains substantial relative to the reported standard
deviations. The enhanced affinity of CPD1 is primarily explained by stronger gas-phase
interactions. The gas-phase term was AG_GAS = -53.15 + 10.46 kcal/mol for CPD1, whereas
Tivantinib yielded -41.41 + 6.19 kcal/mol. This gap is driven mainly by van der Waals
stabilization, with AVDWAALS = -40.76 + 3.62 kcal/mol for CPDI1 versus -31.34 + 2.78
kcal/mol for Tivantinib, indicating tighter short-range packing and shape complementarity in
the CPD1-bound state. This pattern aligns with the docking contact map that placed CPD1
deeply within an aromatic-aliphatic cavity enriched in Phe/Tyr side chains and reported



87
Computational modeling of selected phytochemicals from Reevesia formosana...

extensive nonpolar contacts (Phe104, Tyr108, Met115, Leul19, Val133, Phel53) together with
proximity to canonical pocket residues. Electrostatic interactions contribute additional
stabilization in both systems and modestly favor CPD1 (AEEL = -12.38 + 8.53 kcal/mol) over
Tivantinib (-10.07 + 6.05 kcal/mol). The comparatively higher variability of AEEL relative to
AVDWAALS is compatible with time-dependent rearrangements of polar contacts during
dynamics, particularly given that hydrogen-bond occupancy was intermittent over the 100 ns
trajectories. Solvation effects oppose binding for both ligands, with AG_SOLV =20.28 = 7.55
kcal/mol for CPD1 and 24.14 + 4.57 kcal/mol for Tivantinib. The unfavorable solvation term
is dominated by the polar GB component (AEGB = 25.22 £+ 7.93 kcal/mol for CPD1; 28.45 +
4.72 kcal/mol for Tivantinib), whereas the nonpolar surface contribution provides a smaller
favorable offset (AESURF = -4.93 + 0.51 kcal/mol for CPD1; -4.31 + 0.29 kcal/mol for
Tivantinib). Therefore, beyond stronger gas-phase attraction, CPD1 also experiences a reduced
desolvation penalty, which further shifts ATOTAL toward more favorable values. This
solvation profile is congruent with the dynamics-derived picture of stable pocket
accommodation without sustained expansion of solvent exposure, as SASA remained within a
narrow range for both systems, supporting comparable global solvation environments while
permitting ligand-specific differences in local desolvation costs.

Taken together, the MMGBSA decomposition indicates that the superior binding estimate
for CPD1-6GL8 originates chiefly from more favorable van der Waals interactions and a lower
polar solvation penalty, with electrostatics contributing additional but secondary stabilization.
These energetic findings reinforce the docking outcome in which CPD1 achieved the best score
and maintained canonical pocket residue engagement, and they are compatible with the
molecular dynamics observations of a lower RMSD envelope and sustained complex stability
under the simulated conditions.

ADMET prediction analysis

ADMET prediction in drug design uses computational models to estimate a compound's
Absorption, Distribution, Metabolism, Excretion, and Toxicity early on, acting as a crucial filter
to identify drug-like molecules, reduce late-stage failures, cut costs, and speed up development
by predicting if a potential drug will work in the body and won't be harmful before expensive
experiments. Thus, in silico ADMET profiling was conducted to characterize the predicted
pharmacokinetic behavior and safety-relevant alerts of CPD1 in relation to the reference ligand
Tivantinib, with descriptors organized across absorption, distribution, metabolism, excretion,
and toxicity [34]. The resulting comparative profile supports prioritization decisions following
docking and molecular dynamics analyses by highlighting parameters that may influence
exposure, transporter liability, metabolic interaction potential, and toxicity risk. Predicted
ADMET descriptors for CPD1 and Tivantinib are summarized in Table 3.

Across absorption metrics, both ligands exhibit limited predicted aqueous solubility, with
water solubility values of -4.838 log mol/L for CPD1 and -4.405 log mol/L for Tivantinib,
indicating similarly constrained dissolution and a modest solubility advantage for Tivantinib.
In contrast, epithelial transport indices favor CPD1, as reflected by higher Caco-2 permeability
(1.42 vs 1.122 log Papp in 10° cm/s) and higher predicted human intestinal absorption
(98.498% vs 94.761% absorbed). Predicted skin permeability is comparable, with slightly more
permissive dermal permeation for Tivantinib (-3.221 log Kp) relative to CPD1 (-3.441 log Kp).
Transporter annotations indicate shared involvement with P-glycoprotein: both compounds are
predicted to be P-glycoprotein substrates and to inhibit P-glycoprotein | and P-glycoprotein II,
suggesting potential for efflux-related modulation of exposure and interaction risk in barrier
tissues [35].
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Table 3. Predicted ADMET properties of CPD1 and Tivantinib

ADMET properties Unit CPD1 Tivantinib

Water Solubility (Log mol/L) -4.838 -4.405
Caco2 permeability (Log Papp in 10-6 cm/s) 1.42 1.122

Intestinal absorption (Human) (% Absorbed) 98.498 94.761

Skin permeability (Log Kp) -3.441 -3.221
P-glycoprotein substrate Yes/No Yes Yes
P-glycoprotein I inhibitor Yes/No Yes Yes
P-glycoprotein Il inhibitor Yes/No Yes Yes

VDss (Log L/kg) 0.21 -0.243

Fraction unbound (human) (Fu) 0.234 0.046
BBB permeability (Log BB) -0.783 0.013

CNS permeability (Log PS) -3.253 -1.741
CYP2D6 substrate Yes/No No No
CYP3A4 substrate Yes/No Yes Yes
CYP1AZ2 inhibitor Yes/No No Yes
CYP2C19 inhibitor Yes/No No Yes
CYP2C9 inhibitor Yes/No No No
CYP2D6 inhibitor Yes/No No No
CYP3A4 inhibitor Yes/No No Yes

Total clearance (Log ml/min/kg) 0.361 0.458
Renal OCT2 substrate Yes/No No No
AMES toxicity Yes/No No No

Max. tolerated dose (human) (Log mg/kg/day) -1.139 0.578
hERG I inhibitor Yes/No No No
hERG Il inhibitor Yes/No Yes Yes

Oral rat acute toxicity (LD50) (mol/kg) 2.474 2.774
Oral rat chronic toxicity (LOAEL) | (Log mg/kg_bw/day) 1.496 2.22
Hepatotoxicity Yes/No No Yes

Skin sensation Yes/No No No

(Log ug/L) 0.291 0.462

Tetrahymena pyriformis toxicity

Minnow toxicity (Log mM) 0.505 0.65
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Distribution parameters differentiate systemic disposition and central exposure. The
predicted steady-state volume of distribution is higher for CPD1 (VDss = 0.21 log L/kg) than
for Tivantinib (-0.243 log L/kg), consistent with a greater modeled tendency toward tissue
distribution for CPD1. Plasma protein binding is predicted to be weaker for CPD1, as indicated
by a larger fraction unbound (Fu) (0.234) compared with Tivantinib (0.046), which may
increase free-drug availability in circulation under the model assumptions. Central penetration
estimates diverge: BBB permeability (log BB) is -0.783 for CPD1 and 0.013 for Tivantinib,
while CNS permeability (log PS) is -3.253 for CPD1 and -1.741 for Tivantinib. These values
imply more restricted brain and CNS exposure for CPD1 relative to Tivantinib within the same
prediction framework [36].

The metabolism profile indicates shared CYP substrate behavior with notable differences
in inhibitory potential. Neither compound is categorized as a CYP2D6 substrate. Both ligands
are predicted CYP3A4 substrates, consistent with CYP3A4-mediated metabolic involvement.
Inhibition flags separate the profiles: CPDL1 is predicted negative for CYP1A2, CYP2C19, and
CYP3A4 inhibition, whereas Tivantinib is predicted positive for CYP1AZ2 inhibitor, CYP2C19
inhibitor, and CYP3A4 inhibitor status. Both ligands are predicted negative for CYP2C9
inhibitor and CYP2D6 inhibitor status [37]. Overall, CPD1 presents fewer predicted CYP
inhibition liabilities than Tivantinib in the current output.

For excretion, predicted total clearance is lower for CPD1 (0.361 log ml/min/kg) than for
Tivantinib (0.458 log ml/min/kg), suggesting slower modeled elimination for CPD1. Renal
OCT2 substrate status is negative for both compounds, indicating no OCT2-associated
designation under the applied predictor.

Toxicity endpoints show a mixed set of shared and divergent alerts. Both ligands are
predicted AMES-negative and hERG I inhibitor-negative, while hERG 11 inhibition is flagged
for both, indicating a common cardiac electrophysiology concern that warrants attention in
subsequent validation. A clinically relevant separation appears for hepatotoxicity, predicted
negative for CPD1 and positive for Tivantinib. Skin sensitization is predicted negative for both.
Quantitative toxicity indices favor Tivantinib in the same predictive context: the maximum
tolerated dose (human) is -1.139 log mg/kg/day for CPD1 versus 0.578 for Tivantinib; oral rat
acute toxicity (LD50) is 2.474 mol/kg for CPD1 versus 2.774 mol/kg for Tivantinib; and oral
rat chronic toxicity (LOAEL) is 1.496 log mg/kg_bw/day for CPD1 versus 2.22 for Tivantinib.
Ecotoxicity-associated estimates are higher for Tivantinib than CPD1, including Tetrahymena
pyriformis toxicity (0.462 vs 0.291 log pug/L) and minnow toxicity (0.65 vs 0.505 log mM).

Collectively, the ADMET profile indicates that CPD1 combines high predicted intestinal
absorption and higher Caco-2 permeability with lower predicted solubility, shared P-
glycoprotein involvement, and reduced BBB/CNS penetration relative to Tivantinib. The
metabolic pattern suggests lower CYP inhibition propensity for CPD1, whereas Tivantinib
carries multiple inhibitory flags (CYP1A2, CYP2C19, CYP3A4). Safety-relevant predictions
highlight a hepatotoxicity alert for Tivantinib but not for CPD1, while hERG Il inhibition
remains a shared liability. These features complement the stronger interaction energetics
observed for CPD1 in MMGBSA analysis and support its prioritization, with solubility
constraints and cardiac-related alerts representing key aspects for further experimental
assessment.

DFT calculations
Density Functional Theory (DFT) calculations are used in drug design to find the most
stable, lowest-energy three-dimensional arrangement of atoms in a molecule, thereby
optimizing its geometric coordinates. This optimized structure is crucial because a drug's
efficacy and interaction with a biological target depend heavily on its precise shape and
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electronic properties. Quantum chemical analysis using DFT was performed after the classical
modeling stage to describe the electronic structure and reactivity-associated tendencies of
CPD1 in comparison with the reference ligand Tivantinib. The computed descriptors included
EHOMO (eV), ELUMO (eV), AE (eV), p (eV), x (eV), n (eV), 6 (eV-1), and © (eV), which
jointly summarize frontier-orbital energetics, resistance to charge redistribution, and
electrophilic character. In this context, EHOMO (eV) reflects electron-donation propensity,
whereas ELUMO (eV) indicates electron-acceptance capability; AE (¢V), defined as ELUMO
(eV) - EHOMO (eV), serves as an index of electronic stability versus chemical responsiveness.
DFT descriptors for CPD1 and Tivantinib are detailed in Table 4.

Table 4. DFT calculations for CPD1 and Tivantinib

Molecule | EHOMO | ELUMO AE n % n c ®
(eV) (eV) (eV) (eV) (eV) €Vv) | (VY | (V)
CPD1 -7.4261 | -3.7620 | 3.6641 | -55941 | 55941 | 1.8321 | 0.5458 | 8.5405
Tivantinib | -7.4231 2.9976 | 10.4207 | -2.2128 | 2.2128 | 5.2104 | 0.1919 | 0.4699

o 3.7620 eV =] 2.9976 ¢V
- Z = = = % & f
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Fig. 5. HOMO and LUMO surface diagrams of CPD1 (a) and Tivantinib (b).

The frontier-orbital energies indicate similar donor levels but strongly different acceptor
levels. EHOMO (eV) for CPD1 is -7.4261, closely matching Tivantinib (-7.4231), suggesting
comparable intrinsic electron-donating capability under the same calculation conditions. In
contrast, ELUMO (eV) differs markedly, with CPD1 presenting a low-lying acceptor orbital (-
3.7620) whereas Tivantinib exhibits a positive ELUMO (eV) (2.9976). As a direct
consequence, CPD1 displays a substantially smaller AE (eV) (3.6641) than Tivantinib
(10.4207). The reduced AE (eV) for CPD1 is consistent with increased electronic polarizability
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and greater readiness for charge transfer, while the wide gap for Tivantinib is compatible with
enhanced frontier-orbital stability and lower electronic responsiveness. Global reactivity
descriptors further distinguish the two ligands. CPD1 shows higher y (eV) (5.5941) than
Tivantinib (2.2128), indicating stronger electron-attracting character within this DFT dataset.
The corresponding p (eV) values follow the expected inverse relationship with y (eV), with
CPD1 exhibiting a more negative chemical potential (-5.5941) relative to Tivantinib (-2.2128),
implying a stronger thermodynamic tendency toward electron uptake. Electronic resistance to
deformation, quantified by 1 (eV), is lower for CPD1 (1.8321) than for Tivantinib (5.2104),
and the reciprocal descriptor ¢ (¢V-1) is therefore higher for CPD1 (0.5458) than for Tivantinib
(0.1919). This pairing supports greater softness and lower hardness for CPD1, consistent with
the smaller AE (eV) and the associated capacity for charge redistribution (Fig. 5).

The electrophilic character, measured by ® (eV), shows the most pronounced separation:
CPD1 has an electrophilicity index of 8.5405, whereas Tivantinib shows 0.4699. The markedly
higher o (eV) for CPDI1 indicates stronger electrophilic strength according to the computed
descriptors, in agreement with the combined pattern of higher y (eV) and lower 1 (eV).

Overall, the DFT profile characterizes CPD1 as electronically softer and more electrophilic
than Tivantinib, while maintaining a comparable donor orbital level as reflected by near-
identical EHOMO (eV) values.

Despite the value of in silico screening for identifying prioritized candidates, experimental
confirmation remains indispensable for establishing the robustness and translational relevance
of the present predictions. No laboratory validation was conducted because of limited access to
appropriate instrumentation and facilities. Subsequent work should therefore emphasize
systematic in vitro and in vivo evaluation of CPD1, including target-engagement assays and
biological model studies to delineate pharmacological efficacy alongside safety-relevant
endpoints. The absence of experimental datasets, together with the lack of dedicated assessment
of potential unintended covalent inhibition, constitutes a key limitation of the current
investigation. If CPD1 demonstrates favorable performance in preclinical testing, progression
toward clinically oriented studies may be justified. Overall, the current computational evidence
provides a mechanistic basis that can guide rational follow-up experiments and support
continued development toward therapeutic application.

CONCLUSIONS

This study integrated docking, molecular dynamics, MMGBSA, ADMET prediction, and
DFT descriptors to examine Reevesia formosana phytochemicals as potential lung cancer-
relevant inhibitors through interaction with the Bcl-2 protein (6GL8). CPD1 consistently
emerged as the leading scaffold, exhibiting the most favorable docking profile within the
conserved pocket, supported by hydrogen-bond anchoring and extensive short-range
complementarity with key residues. Molecular dynamics indicated a more confined and
persistent bound state for CPD1 relative to Tivantinib, consistent with sustained pocket
accommodation under solvated conditions. MMGBSA energy decomposition further supported
stronger association for CPD1, dominated by enhanced van der Waals stabilization with
supportive electrostatics and a comparatively reduced solvation penalty. ADMET profiling
suggested high oral absorption potential but limited aqueous solubility, shared P-glycoprotein
liability, restricted central exposure, and fewer predicted CYP inhibition alerts for CPD1 than
for Tivantinib; a hepatotoxicity alert was predicted for Tivantinib but not for CPD1, whereas a
shared hERG Il signal warrants caution. DFT analysis characterized CPD1 as electronically
softer and more electrophilic than the reference, consistent with greater charge-redistribution
propensity. Collectively, the convergent evidence prioritizes CPD1 for subsequent optimization
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and experimental validation, with emphasis on solubility improvement and cardiotoxicity-
focused risk assessment.
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KOMIT'FOTEPHE MOJEJIOBAHHSI OKPEMUX ®ITOXIMIYHUX PEYOBUH, OTPUMAHHUX 3
Reevesia formosana: MEXAHICTUYHUWI AHAJII3 iXHbOI'O IOTEHIIAJTY Y BOPOTHEI 3
PAKOM JIETEHIB
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AKTyanbHicTb. Pak JlereHiB 3ayiMIIacThCcs MPOBIIHOIO MPUIMHOI CMEPTHOCTI BiJl OHKOJOTIYHHX
3aXBOPIOBaHb, a MOPYIICHHS aroITo3y, O0CEPEAKOBaHE aHTHAIIONTOTHYHUMH Olkamu cimeiicTa Bcel-2,
CIpHUsie MEPCUCTEHIIT 3aXBOPIOBAHH Ta PE3UCTEHTHOCTI 10 JikyBaHHs. DitoxiMiuHi cioayku 3 Reevesia
formosana, sik oBiJOMIISIETBCS, BUSBIISFOTh IPOTHITYXJIMHHY aKTHBHICTB 100 HEAPIOHOKIIITHHHOTO PaKy
nereHiB (NSCLC), mpoTe MexaHi3Mu Jii Ha piBHI MillIeHel J0Ci He 10 KiHIIA 3’ sICOBaHi.

Merta: Bu3HaunTH npiopureTH QiroxiMidyHnx peuoBuH Reevesia formosana sik iiMoBipHUX iHri6iTOpiB BCl-
2 (PDB ID: 6GLS) Ta oTpuMaTi MEXaHICTHYHE PO3YMIiHHS 32 JJOMIOMOTO0 OaraToMacmTaOHUX 00YHCIICHb.
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Martepiaan ta Mmeroau: IlicTe BiTOXiIMIYHUX CIOTYK Ta €TaJOHHHU mpenapar Tivantinib 6ynu mignani
JOKiHTYy 1o Oinka 6GLS, a Haiikpamuii kaugunat (CPD1) Oymo oIliHeHO 3a JTOTIOMOTOI MOJICITIOBAHHS
METOZOM MOJIEKYJsipHOT nuHamiku TpuBamictio 100 He y mopiBusuHi 3 Tivantinib. Bimeni eneprii
3B's;3yBanHst MMGBSA Oynu o6uncieni Ha ocHoOBI 125 3HIMKIB, 3po0ieHux y npoMikky Big 20 no 100 Hc.
BnactuBocti ADMET 6ymno nependadeno 3a momomoroio pkCSM. Jleckpuntopu rpaHAYHIX opOiTaei Ta
riio0anbpHOI peakmiiHoi 31aTHOCTI Oynu oTpuMaHi 3a gomomororo DFT.

PesyasTaT: 3a pesymeraramu gokiary CPD1 mociB mepme wmicme (-10,15 kkan/monp) mOpiBHSIHO 3
Tivantinib (-8,83 kkai/Moib), 1eMOHCTpYIOUHM BogHEBi 3B’s13ku 3 Tyrl08 Ta Argl29, a TakoX BHUCOKHiA
CTYIiHb KOMITIEMEHTapHOCTI KumIeHb. Tpaekropii MD BkasyBanu Ha Oinbmt oOmesxeHmi komruieke CPD1-
6GL8 (RMSD mnepeBaxto 0,18-0,22 um) mopisusao 3 Tivantinib-6GL8 (0,21-0,26 M, inkomnu 0,27-0,28
HM), 3 MOPiBHAHHOIO KoMnakTHicTIO (Rg 1,44 HM) Ta oOMexeHOoro SASA. KinbKicTh BOJHEBUX 3B'S3KiB
HiATBEep/KyBajia nepepuBuacte nojsipHe 3akpiruieHHs ains CPD1 (0-3) ta Buiny paHHIO BUOIPKY s
Tivantinib. MMGBSA Binnasana nepesary CPD1 (ATOTAL -32,87 + 4,28 kkan/monb) Hag Tivantinib (-
17,27 + 2,81 xkan/monp), mo miaTBepKyBanocs cuibHimuM AVDWAALS (-40,76 mporn -31,34
KKaj/monb) Ta MeHuM AG _SOLV (20,28 npotu 24,14 xkan/moins). [Iporno3 ADMET BkazaB Ha BUCOKY
KHIIKOBY a0copO11it0 3 00MEKEHOI0 PO3YHHHICTIO, 0OMexeHy npoHukHicTs uepe3 [ EB/LITHC, menmie o3Hak
iari0yBanHs CYP Ta BincyTHICTH momepemkeHHs Ipo renaToTokcnuHicts st CPD1, Toxi sk iHTiOyBaHHS
hERG 11 6ymo BinznaueHo s 060x niraaaiB. DFT moka3zas monioauit EHOMO (eV), ane Byxxumii AE (eV)
ta Bumuit  (eV) mnsa CPD1, Hix s Tivantinib.

BucnoBku: [aTerpoBane MomemoBanHs Hagae npiopuret CPDI sk ckadonny, mo HamineHuit Ha Bel-2,
JUTA TOCIHIIKEHb, MOB’S3aHUX i3 PaKOM JICTEHIB, MIATPHIMYIOYH ONTHMI3allif0 HA OCHOBI CTPYKTYpH Ta
eKCIIepUMEHTAIbHY BepudiKallito.

KJIFOYOBI CJIOBA: ADMET; antuanonros; Bel-2; MMGBSA; monekyisipHe MoieTtoBaHHs; Reevesia
formosana.



