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Abstract

Chronic inflammation contributes to the pathogenesis of many degenerative diseases.
Long-term use of conventional anti-inflammatory drugs may be associated with serious
adverse effects, prompting the search for new natural candidates. Begonia medicinalis is
a plant endemic to Central Sulawesi that is traditionally used to treat fever and joint pain,
but its phytochemical profile and molecular mechanisms underlying its potential anti-
inflammatory activity have not been scientifically reported. The aim of this study was to
identify the secondary metabolite profile of the ethanol extract of B. medicinalis leaves
and to assess its molecular interactions with pivotal pro-inflammatory targets, namely
cyclooxygenase-2 (COX-2), inducible nitric oxide synthase (iNOS), tumor necrosis factor-
alpha (TNF-a), and interleukin-1 beta (IL-1[3), using a computational approach. The study
combined a laboratory-based phytochemical analysis with in silico analyses, including
structure-activity relationship (SAR), absorption, distribution, metabolism, and excretion
(ADME), toxicity prediction, molecular docking, and molecular dynamics simulations. B.
medicinalis leaves were extracted by maceration using absolute ethanol, and the
metabolite profiles were analyzed using gas chromatography-mass spectrometry (GC-
MS). Biological activity prediction was performed using PASS Online, pharmacokinetic
profiling using SwissADME, toxicity evaluation using ProTox 3.0, and protein-protein
interaction analysis using STRING v12.0. Molecular docking was performed using PyRx
with AutoDock Vina and visualized using BIOVIA Discovery Studio 2025. GC-MS analysis
identified 21 compounds, including palmitic acid, dihomo-y-linolenic acid, and
stigmasterol, which showed predicted anti-inflammatory potential, favorable safety
profiles, and acceptable drug-likeness characteristics. Among these compounds,
stigmasterol showed favorable predicted binding affinities toward COX-2, iNOS, TNF-q,
and IL-1P, while molecular dynamics simulations supported the stability of the resulting
complexes over 100 ns. These computational findings suggest that B. medicinalis contains
diverse bioactive compounds with potential anti-inflammatory properties. Stigmasterol
emerged as the most promising lead candidate against the predicted anti-inflammatory
targets, providing a theoretical molecular foundation for the future exploration of B.
medicinalis therapeutic potential.

Keywords: Anti-inflammatory, Begonia medicinalis, GC-MS, in silico, molecular
docking

Introduction

Chronic inflammation is the pathophysiological driver of various degenerative and autoimmune
diseases that pose a significant global health burden [1,2]. While conventional anti-inflammatory
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medications like nonsteroidal anti-inflammatory drugs (NSAIDs) and corticosteroids have been
utilized for an extended period, their prolonged usage frequently induces significant adverse
effects, ranging from nephrotoxicity to metabolic disorders [1,3,4]. These limitations underscore
the urgent need to identify new and safer anti-inflammatory drug candidates with consistent
efficacy for long-term therapy.

The Wallacea region, particularly Sulawesi, presents significant opportunities for the
discovery of new bioactive compounds, owing to its remarkably high degree of floral endemism.
A notable genus is Begonia, of which 62 of the 65 species in Sulawesi are endemic, with many
considered endangered [5,6]. This local diversity offers considerable potential for bioprospecting;
however, the phytochemical profiles and molecular mechanisms of many of these endemic plants
remain largely undocumented in the scientific literature, highlighting their potential as an
underexplored source of bioactive compounds for pharmaceutical research.

Begonia medicinalis Ardi & D.C. Thomas, known locally as "Benalu Batu", is a species
endemic to Central Sulawesi that is traditionally used to treat fever, joint pain, and other
inflammation-related disorders [7-10]. This species is known to be rich in secondary metabolites,
including flavan-3-ol type flavonoids, polyphenols, and alkaloids, which may exhibit significant
bioactive properties [8-11]. However, in-depth studies linking the specific metabolite profile of B.
medicinalis to key inflammatory molecular targets remain very limited, and further mechanistic
validation is warranted.

In modern drug discovery, precision medicine strategies highlight the need for selective
interventions targeting key pro-inflammatory mediators, including cyclooxygenase-2 (COX-2),
inducible nitric oxide synthase (iNOS), tumor necrosis factor-alpha (TNF-a), and interleukin-1
beta (IL-1B), while minimizing disruption of physiological immune functions [1,4,12,13]. The
selection of TNF-a and IL-1B, which are cytokines rather than conventional enzymes with well-
defined catalytic sites, was based on their central roles in inflammatory signaling and previous
structural analyses suggesting the presence of surface cavities and receptor-binding interfaces
that may accommodate small molecules. Molecular docking was therefore used to evaluate the
potential binding of phytochemicals to reported ligand-binding regions or relevant protein
interfaces rather than to infer direct cytokine inhibition [12,13]. Comprehensive in silico analyses,
including structure-activity relationship (SAR), absorption, distribution, metabolism, and
excretion (ADME), toxicity prediction, molecular docking, and molecular dynamics simulations,
provide an efficient strategy for screening and prioritizing candidate compounds. These
computational methods can help identify compounds with favorable predicted profiles for
subsequent experimental evaluation in a cost- and time-efficient manner [1,3,4].

This study represents a preliminary investigation of the potential molecular interactions
between phytochemical constituents of B. medicinalis and selected pro-inflammatory targets
using an integrated computational approach. The aim of this study was to characterize the
predicted biological and pharmacokinetic properties of the identified secondary metabolites and
evaluate their potential interactions with COX-2, iNOS, TNF-a, and IL-1p using a multifaceted
methodological framework, combining SAR analysis, ADME profiling, toxicity prediction,
molecular docking, and molecular dynamics simulations.

Methods

Sample collection and extraction

B. medicinalis leaves were collected from the forest area of Wawopada Village, North Morowali
Regency, Central Sulawesi, Indonesia. The plant material was taxonomically identified at the
Plant Systematics Laboratory, Universitas Gadjah Mada, Indonesia, with voucher ID
00773/S.Tb./X1/2024. The collected leaves were washed under running tap water to remove
adhering debris and air-dried at room temperature (25—30°C) for four days in a well-ventilated
area protected from direct sunlight. For extraction, the dried leaves were ground into a fine
powder using an electric grinder. A total of 20 g of the powder was weighed and macerated in 200
mL of absolute ethanol (=99%) at room temperature for 24 h. The extraction comprised two
consecutive 24-h maceration cycles, in which fresh solvent (150 mL) replaced the previous solvent
after the first cycle. The macerates were filtered through Whatman No. 1 filter paper, and the
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combined filtrates were concentrated and subsequently air-dried at room temperature until
complete solvent evaporation was achieved. The resulting crude extract was stored in an airtight
amber glass vial at 4°C until further analysis.

Gas chromatography-mass spectrometry (GC-MS) analysis

Gas chromatography-mass spectrometry (GC-MS) analysis was performed using a Shimadzu
GCMS-QP2010 system (Shimadzu Corporation, Kyoto, Japan). A 1 uL sample was injected using
the hot-needle technique at a split ratio of 49:1. Separation was performed on a 30 m Agilent DB-
5MS UI column (inner diameter 0.25 mm, coating thickness 0.25 um; Agilent Technologies,
Santa Clara, CA, USA). The injector, interface, and ion source temperatures were maintained at
300°C, 30°C, and 250°C, respectively. Helium was used as the carrier gas at a constant flow rate
of 0.65 mL/min.

The oven temperature program began with an initial isothermal step at 70°C for 5 min,
followed by a temperature ramp of 5°C/min to 305°C. The system was then re-equilibrated at
70°C for 5 min before the next injection. Mass spectra were acquired at a rate of two scans per
second over a mass range of m/z 28—600. Chromatograms and mass spectra were acquired and
processed using GCMSsolution software (Shimadzu Corporation, Kyoto, Japan). Compounds
were identified by comparing the acquired mass spectra with those in the NIST Mass Spectral
Library on the basis of spectral similarity and retention characteristics. A similarity index (SI) of
>80% was regarded as indicative of reliable identification.

Ligand and protein preparation

Phytochemical compounds from B. medicinalis were retrieved in SDF format via the PubChem
database (https://pubchem.ncbi.nlm.nih.gov/). Open Babel, integrated within PyRx 0.8, was
used for energy minimization using the Universal Force Field (UFF) and conjugate gradient
algorithms. The ligand structures were subsequently parameterized by assigning Gasteiger
charges and defining rotatable bonds before conversion to PDBQT format for flexible docking
simulations [14,15]. Three-dimensional (3D) crystal structures of the target proteins were
obtained from the RCSB Protein Data Bank (PDB) and prepared using BIOVIA Discovery Studio
Visualizer 2025. Protein preparation involved the systematic removal of water molecules,
HETATM records, and co-crystallized ligands to obtain a clean binding site for subsequent
docking analysis (Table 1) [16].

Table 1. Protein targets involved in the inflammatory response

Protein target PDB ID References
Interleukin-1 beta (IL-13) 8C3U [12]
Cyclooxygenase-2 (COX-2) 6COX [32]
Inducible nitric oxide synthase (iNOS) 3HR4 [33]
Tumor necrosis factor-alpha (TNF-a) 2AZs5 [34]

Prediction of biological activity and pharmacokinetic properties
The biological activity of the selected compounds was initially predicted using the Prediction of
Activity Spectra for Substances (PASS) Online server. Canonical SMILES for each compound
were retrieved from the PubChem database and submitted individually to the PASS Online web
server. The prediction algorithm estimates the probability of specific biological activities based
on SAR analysis using a large training dataset of biologically characterized compounds. The
output includes the probability of activity (Pa) and the probability of inactivity (Pi) for each
predicted biological effect. In this study, anti-inflammatory-related activities with Pa > Pi were
considered potential predicted activities. Among these compounds, a predefined Pa threshold of
>0.50 was applied to prioritize compounds for subsequent in silico analyses. Compounds meeting
this threshold were selected for further analysis. This criterion was used solely for compound
prioritization and was not interpreted as evidence of experimentally confirmed pharmacological
activity [17,18].

Drug-likeness was subsequently evaluated using the SwissADME web server and primarily
assessed according to Lipinski's Rule of Five, including molecular weight (<500 Da),
octanol/water partition coefficient (LogP<5), hydrogen bond donors (<5), hydrogen bond
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acceptors (<10), molar refractivity (40—130), rotatable bonds (<10), and topological polar surface
area (<140 A2). Compounds with no more than one Lipinski violation were considered to exhibit
favorable predicted oral drug-likeness. However, these results were interpreted only as indicators
of theoretical pharmacokinetic suitability and not as confirmation of oral bioavailability or
clinical drug efficacy [19,20].

The toxicity profile of each selected compound was predicted using the ProTox 3.0 web
server by submitting the corresponding canonical SMILES. The platform estimates acute oral
toxicity (LDso), toxicity class according to the Globally Harmonized System (GHS), organ
toxicity, Tox21 stress response pathways, and toxicity endpoints using machine learning models
trained on experimentally annotated datasets. These predictions were used to compare the
relative safety profiles of the compounds and to support compound prioritization [21].

Protein-protein interaction

Target proteins (human proteins) were selected based on their biological relevance to the
investigated pharmacological activity and their association with the underlying disease or
inflammatory process. The resulting target list was subjected to protein—protein interaction (PPI)
network analysis using STRING database v12.0 (https://string-db.org/) and applying a minimum
required interaction confidence score of 0.700 to retain high-confidence protein associations.
Both known and predicted interactions were considered, integrating evidence from experimental
data, curated databases, co-expression, gene neighborhood, gene fusion, co-occurrence, and text-
mining sources available in STRING.

Gene ontology-biological process (GO-BP) enrichment analysis (Homo sapiens as the
reference) was performed using the functional enrichment module of STRING v12.0. Statistical
significance was assessed using false discovery rate (FDR) correction with a p-value<o.05.
Significant GO-BP terms were ranked based on statistical significance and the number of
associated target proteins, and the enrichment results were visualized directly using the graphical
visualization features of STRING v12.0. The PPI network and GO-BP enrichment analyses were
subsequently used to characterize the functional relationships among the selected targets and
provide a biological context for interpreting the potential mechanisms associated with the
investigated compounds.

Molecular docking and analysis of protein-ligand interaction

Molecular docking simulations were performed using a site-specific docking approach
implemented in the PyRx Virtual Screening Tool (v0.8) integrated with the AutoDock Vina
wizard. The 3D structures of the target proteins were downloaded from the RCSB Protein Data
Bank website. All chain components in the PDB file were retained in their original state to allow
objective identification of the binding pockets. The active-site coordinates, including the grid box
center and dimensions, were defined based on the position of the co-crystallized ligand within
each protein structure (Table 2), thereby restricting the docking search space to the
experimentally characterized binding pocket.

Table 2. Re-docking validation and grid box parameters for the protein-ligand docking
simulations

PDBID RMSD  Grid size Grid position () Exhaustiveness Pose
A X Y Z X Y 7Z selection
criteria
6COX 0.872 13 11 21 26.625 -4.307 26.348 10 1
3HR4 1.105 24 22 23 0.989 8.935 -65.436 10 1
2AZ5 0.602 13 16 23 -19.409  74.650 33.849 10 1
8C3U 0.580 28 28 23 -17.242 -5.454 -42.888 10 1

Re-docking was performed to verify the validity of the docking protocol. In this procedure,
the co-crystallized native ligand was re-docked into the active site of each protein using the same
parameters as those applied to the test compounds. The protocol was considered valid when the
root-mean-square deviation (RMSD) was less than 2.0 A [14,15,22]. RMSD values were calculated
by atom-by-atom superimposition using BIOVIA Discovery Studio Visualizer (Table 2).
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The best conformation (pose) for each protein—ligand complex was determined based on the
predicted binding energy (kcal/mol), with the pose exhibiting the lowest binding energy selected
for further evaluation. The selected docking poses (2D and 3D) were analyzed and visualized
using BIOVIA Discovery Studio Visualizer 2025 to characterize predicted protein-ligand
interactions, emphasizing hydrogen bonds and hydrophobic contacts [16].

Molecular dynamics simulation

Molecular dynamics simulations (MDS) were performed using GROMACS 2023.02 to evaluate
the dynamic stability of stigmasterol in complex with the four inflammatory target proteins,
namely COX-2 (6COX), iNOS (3HR4), TNF-a (2AZ5), and IL-13 (8C3U). The best-scoring docked
conformation of stigmasterol with each target protein was used as the starting structure for the
simulations. Each protein—ligand complex was simulated at 300 K for 100 ns. The resulting
trajectories were analyzed over 0—100 ns for protein backbone root mean square deviation
(RMSD), ligand RMSD, root mean square fluctuation (RMSF), protein—ligand hydrogen bonds,
radius of gyration (Rg), and solvent-accessible surface area (SASA) to assess conformational
stability, residue flexibility, ligand stability, intermolecular interactions, protein compactness,
and solvent exposure throughout the simulation [23].

Results

Identified compounds from GC-MS

The GC-MS chromatogram of the ethanolic leaf extract of B. medicinalis showed multiple peaks
with varying relative abundances (Figures 1—2). The principal compounds identified in the
chromatogram included palmitic acid (11.50%), dihomo-y-linolenic acid (10.73%), stigmasterol
(7.79%), linoleic acid (5.96%), squalene (2.07%), phytol (1.87%), oleic acid (1.26%), vitamin E
(0.83%), and (-)-loliolide (0.21%), with their corresponding retention times and peak areas
summarized in Table 3.

Although Phenol, 2,4,6-tris(1,1-dimethylethyl), exhibited the highest relative abundance
(29.68%), it was excluded based on the predefined selection criteria. This compound has been
predominantly reported as a synthetic antioxidant used in plastics, rubber, and polymeric
materials, with limited evidence supporting its pharmacological relevance as a plant-derived
bioactive compound.

Structure-activity relationship (SAR) analysis

SAR-based predictions indicated anti-inflammatory activity for most of the candidate
compounds, as presented in Figure 3. All compounds were predicted to possess anti-
inflammatory potential, with Pa values ranging from 0.43 to 0.84. The predicted probability of
anti-inflammatory activity varied widely, from comparatively low values for heptadecane (43%)
to higher values for 9,12-hexadecadienoic acid methyl ester, 9,12-octadecadienoic acid (Z,Z)-
(linoleic acid), and dihomo-y-linolenic acid (75%); vitamin E (83%); and 9,12,15-octadecatrien-
1-ol (84%).

Table 3. GC—MS identification of selected compounds in the ethanolic extract of B. medicinalis

Compound name Compound Molecular Retention Area Similarity
1D formula time (min) (%) index (%)
L-limonene 439250 Cio Hi6 9.542 0.43 96
Nonanoic acid 8158 CoH180- 23.908 0.43 79
Heptadecane 12398 CiyHze 24.111 0.24 93
1-Nonadecene 29075 Ci9 Has 24.518 0.21 85
Tetradecanoic acid 11005 C14H280- 30.423 0.62 90
(-)-Loliolide 100332 Cii His O3 30.883 0.21 82
1-Heptacosanol 74822 Co7H560 31.144 0.15 82
9-Eicosyne 557019 Ca0Hss 32.745 2.48 88
Methyl palmitate 8181 Ci7H3402 34.104 0.77 97
Palmitic acid 985 Ci6 H3202 34.842 11.50 95
Ethyl palmitate 12366 CisH3602 35.514 0.44 93
Eugenyl acetate 136 C12H14,03 36.892 0.21 55
9,12-Hexadecadienoic acid, 549033 Ci7H5002 37.511 0.44 93

methyl ester
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Compound name Compound Molecular Retention Area Similarity
1D formula time (min) (%) index (%)

Phytol 5280435 C20H400 37.991 1.67 95

9,12-Octadecadienoic acid 5280450 Ci8H320- 38.249 5.96 92

(Z,7)- / Linoleic acid

Dihomo-y-linolenic acid 5280581 C20H3402 38.376 10.73 87

Oleic acid 445639 Ci8H340- 38.804 1.26 o1

9,12,15-Octadecatrien-1-ol 68169 CisH320 38.919 0.45 88

Squalene 638072 CsoHs0 49.704 2.07 95

Vitamin E 14985 Ca9Hs5002 55.185 0.83 84

Stigmasterol 5280794 C29Hys0 57.075 7.79 91

7,978,675 TIC

34,995

(4) Palmitic acid
(34.395 min)

(5) 9,12-Octadecadienoic
acid (Z,Z-) (Linoleic acid)
| (37.593 min)

acid (40.175 min)
(8) Stigmasterol
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|
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|
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Figure 1. GC-MS chromatogram of the ethanolic extract of B. medicinalis leaves showing the
identified compounds. Selected chromatographic peaks are labeled according to their GC-MS
library matches.

Pharmacokinetic analysis

Among the 21 compounds identified by GC-MS, 17 compounds met the predefined Pa threshold
of >0.50 for anti-inflammatory-related activity and were therefore selected for subsequent
pharmacokinetic and drug-likeness analyses. The drug-likeness analysis showed that all
evaluated compounds had molecular weight (MW) below 500 Da (range, 136.23—430.71 Da), 0—
1 hydrogen bond donors (HBD), and 0—3 hydrogen bond acceptors (HBA), thereby satisfying the
Lipinski criteria for these three parameters. The cLogP values range from 1.55 to 8.29. Five
compounds—L-limonene, nonanoic acid, tetradecanoic acid, (-)-loliolide, and eugenyl acetate—
had cLogP values <5, whereas the remaining 12 compounds had cLogP values >5. Molar
refractivity (MR) values ranged from 47.12 to 143.48, the number of rotatable bonds (n-ROTB)
ranged from 0 to 16, and the topological polar surface area (TPSA) ranged from 0.00 to 46.53 A2.
Based on Lipinski’s Rule of Five, five compounds satisfied all evaluated criteria, while the
remaining 12 compounds had a single violation related to cLogP, with no violations of the MW,
HBD, or HBA criteria (Table 4).

Toxicity analysis

Toxicity predictions covered LDso values, toxicity classes, organ toxicity, Tox21 stress response
pathways, and toxicity endpoints (Figure 4A-E). Predicted LDso values varied substantially
among the 17 compounds, ranging from 10 to 5,000 mg/kg (Figure 4A). Methyl palmitate, ethyl
palmitate, squalene, and vitamin E showed the highest predicted LDso values (5,000 mg/kg),
followed by L-limonene (4,400 mg/kg), eugenyl acetate (1,670 mg/kg), stigmasterol (890
mg/kg), nonanoic acid and tetradecanoic acid (9oo mg/kg each), palmitic acid (9oo mg/kg), 9-
eicosyne (300 mg/kg), oleic acid (48 mg/kg), and (-)-loliolide (34 mg/kg).
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Figure 2. GC—MS mass spectra of the selected compounds identified in the ethanolic extract of B. medicinalis leaves. The selected compound identification was
achieved through comparison of the obtained mass spectra with the NIST mass spectral database using characteristic fragmentation patterns, percent concentration,
and acceptable similarity index (SI) values.
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Figure 2 (continued). GC—MS mass spectra of the selected compounds identified in the ethanolic extract of B. medicinalis leaves. The selected compound identification
was achieved through comparison of the obtained mass spectra with the NIST mass spectral database using characteristic fragmentation patterns, percent
concentration, and acceptable similarity index (SI) values.

Page 8 of 22



o)
o
=
<
S
§=
)
=
@)

Relative Abundance (%)

Relative Abundance (%)

Relative Abundance (%)

100
41 5 95
67
504 108
121
3 T 149 163 209 222 264
0 T ‘Ll by T r ll T T T T T T
20 40 60 80 100 120 140 160 180 200 220 240 260 280 300 320 340 360 380

m/z
Dihomo-y-linolenic acid

20 40 60

80

l73 l‘)l 204 222 236 26] 276 339

100 120 140 160 180 2oo 220 240 260 280 300 320 340 360 380
9,12,1 S-Octadecatrien-l-ol

100 G
504
43
57
28 T 121 13 177 %
o L IJAJ' i’l!l 9?' [?_? L1 lr ll.f;9 1 ]l IJ 2“; ) 1 zifl 1 L] 1] L
20 40 60 80 100 120 140 160 180 200 220 240 260 280 300 320 340 360 380

m/z
Vitamin E

Relative Abundance (%)

Relative Abundance (%)

Permatasari et al. Narra X 2026; 4 (2): €303 - http://doi.org/10.52225/narrax.v4i2.303

100
41
g B
50+
129
85
2 m 143 57 171 241 284
AN ‘h < 1 ! | 19 213 227 , zss ]
20 40 60 80 100 120 l-u) 160 lso zoo 220 240 260 280 300 320 340 360 380
m/z
Oleic acid
100 <)
50
95
121 43,
107 li 149 175
0 T J'— ~ T T T T T T T T T ™ T
20 40 60 80 100 120 140 160 180 200 220 240 260 280 300 320 340 360 380
m'z
Squalene

Figure 2 (continued). GC—MS mass spectra of the selected compounds identified in the ethanolic extract of B. medicinalis leaves. The selected compound identification

was achieved through comparison of the obtained mass spectra with the NIST mass spectral database using characteristic fragmentation patterns, percent
concentration, and acceptable similarity index (SI) values.
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Figure 3. Predicted anti-inflammatory activity of compounds identified in the ethanolic extract of
B. medicinalis leaves using the PASS Online web server. Probability of activity (Pa) represents
the predicted probability that a compound exhibits anti-inflammatory activity, whereas
probability of inactivity (Pi) represents the predicted probability that the compound does not
exhibit the activity.

Table 4. Predicted physicochemical and drug-likeness properties of compounds identified in the
ethanolic extract of B. medicinalis leaves

Compound name MW HBD HBA cLogP MR n-ROTB TPSA
(s500)  (=5) (s10) (=5) (40-130)  (=10) (A2)
L-limonene 136.23 o) o) 3.35 47.12 1 0.00
Nonanoic acid 158.24 1 2 2.60 47.15 7 37.30
Tetradecanoic acid 228.37 1 2 4.45 71.18 12 37.30
(-)-Loliolide 196.24 1 3 1.55 52.51 o) 46.53
9-Eicosyne 278.52 0 0 7.51 96.42 14 0.00
Methyl palmitate 270.45 o) 2 5.54 85.12 15 26.30
Palmitic acid 256.42 1 2 5.20 80.80 14 37.30
Ethyl palmitate 284.48 o) 2 5.90 89.92 16 26.30
Eugenyl acetate 206.24 0 3 2.55 58.54 5 35.53
9,12-Hexadecadienoic 266.42 0 2 5.05 84.17 13 26.30

acid, methyl ester

9,12-Octadecadienoic acid 280.45 1 2 6.25 89.46 14 37.30
(Z,Z)‘

Dihomo-y-linolenic acid 306.48 1 2 6.25 98.60 15 37.30
Oleic acid 282.46 1 2 5.65 89.94 15 37.30
9,12,15-Octadecatrien-1- 264.45 1 1 5.50 88.38 13 20.23
ol

Squalene 410.72 0 0 6.25 143.48 15 0.00
Vitamin E 430.71 1 2 8.29 139.27 12 29.46
Stigmasterol 412.69 1 1 6.98 132.75 5 20.23

cLogP: calculated logarithm of the partition coefficient; HBA: hydrogen bond acceptors; HBD: hydrogen
bond donors; MR: molar refractivity; MW: molecular weight; n-RotB: number of rotatable bonds; TPSA:
topological polar surface area

The lowest predicted LDso values were observed for 9,12-octadecadienoic acid (Z,Z) and
dihomo-y-linolenic acid (10 mg/kg each), followed by 9,12-hexadecadienoic acid, methyl ester
(20 mg/kg) and 9,12,15-octadecatrien-1-ol (11.73 mg/kg). The predicted toxicity classes ranged
from Class 2 to Class 6 (Figure 4B). Organ toxicity analysis indicated that most compounds were
predicted to be inactive for the evaluated endpoints, while selected compounds showed positive
predictions for specific organ toxicity parameters (Figure 4C). The Tox21 analysis of stress
responses demonstrated that the majority of compounds were classified as inactive across the
assessed pathways, with only a limited number of compounds exhibiting positive predictions for
individual stress-response pathways (Figure 4D). Similarly, the toxicity endpoint analysis
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showed that most compounds were predicted to be inactive for the evaluated toxicity endpoints,
whereas positive predictions were observed only for specific compounds and endpoints (Figure
4E).

Protein-protein interaction (PPI)

PPI prediction displays the interaction networks of four selected inflammatory targets (COX-2,
iNOS, TNF-q, and IL-1f), as presented in Figures 5A-D. The COX-2 network consisted of 29
nodes (Figure 5A), whereas the iNOS network comprised 37 nodes (Figure 5B). Among the
analyzed targets, the TNF-a network displayed the greatest complexity, containing 48 protein
nodes (Figure 5C), and the IL-13 network contained 95 nodes (Figure 5D). In all four networks,
edge thickness reflects the confidence level of the interactions, which is derived from a
combination of experimental data, curated databases, gene co-expression, and text mining.

Biological process (BP)

Biological process (BP) enrichment analysis of the target proteins (COX-2, iNOS, TNF-q, and IL-
1B) is summarized in Figure 6A-D. The most significantly enriched GO-BP terms were selected
for presentation based on the predefined enrichment criteria. COX-2 was enriched in the
cyclooxygenase pathway, prostaglandin biosynthetic process, prostaglandin metabolic process,
arachidonic acid metabolic process, eicosanoid biosynthetic process, and metabolic processes
(Figure 6A). iNOS was associated with regulation of nitric oxide synthase activity, positive
regulation of nitric oxide synthase activity, regulation of nitric oxide biosynthetic process, positive
regulation of nitric oxide biosynthetic process, positive regulation of monooxygenase activity,
negative regulation of nitric oxide synthase activity, and negative regulation of oxidoreductase
activity (Figure 6B). TNF-a showed enrichment in the tumor necrosis factor-mediated signaling
pathway, positive regulation of NF-kB transcription factor activity, regulation of IxB kinase/NF-
kB signaling, positive regulation of IkB kinase/NF-kB signaling, IxB kinase/NF-«kB signaling,
positive regulation of the JNK cascade, TNFSF11-mediated signaling pathway, and apoptotic
signaling pathway (Figure 6C).

IL-1B was enriched in regulation of interleukin-1 beta production, positive regulation of
interleukin-1 beta production, positive regulation of cytokine production, negative regulation of
interleukin-1 beta production, negative regulation of interleukin-1 production, regulation of
tumor necrosis factor production, positive regulation of tumor necrosis factor production,
regulation of interleukin-8 production, positive regulation of interleukin-6 production, and
negative regulation of cytokine production (Figure 6D).

Molecular docking

Among the 17 identified compounds, 10 compounds were prioritized for further molecular
docking analysis based on the integration of several in silico parameters, including predicted
biological activity with Pa greater than Pi, favorable pharmacokinetic profiles, and acceptable
toxicity predictions. Molecular docking analysis revealed that the 10 selected compounds
exhibited varying predicted binding affinities toward the four inflammation-related targets
(COX-2, iNOS, TNF-qa, and IL-1p), with binding energies ranging from —4.7 to —8.6 kcal/mol.
Among the tested compounds, stigmasterol showed the most favorable predicted binding
energies toward COX-2 (-8.6 keal/mol) and TNF-a (-8.4 kcal/mol), whereas squalene displayed
relatively favorable binding toward COX-2 (-8.1 kcal/mol). Vitamin E exhibited comparable
predicted binding affinities toward iNOS and IL-1p (-7.7 kcal/mol for both targets; Table 5).

Molecular interaction mapping

Interaction analysis of the top-scoring docked compound (stigmasterol) is summarized in
Table 6. In the COX-2 complex, stigmasterol interacted with HIS388, VAL444, ALA443,
LEU408, LEU391, LEU390, and ALA199 in chain A, with interaction distances ranging from 3.94
to 5.43 A.
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Figure 4. Predicted toxicity profiles obtained using ProTox 3.0. (A) Lethal dose 50% (LDs0), (B) toxicity class, and (C) organ toxicity.
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Figure 4 (continued). Predicted toxicity profiles obtained using ProTox 3.0. (D) Tox21 stress response pathways and (E) toxicity endpoints.
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Figure 5. Protein-protein interaction (PPI) networks of the target proteins and their functional partners. (A) COX-2, (B) iNOS, (C) TNF-a, and (D) IL-1p. Larger nodes
indicate higher network connectivity, while thicker and darker edges indicate higher interaction confidence.
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Figure 6. Enriched biological processes (BP) associated with the four target proteins. (A) COX-2, (B) iNOS, (C) TNF-qa, and (D) IL-1p.
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Table 5. Predicted binding affinities of the selected compounds against the four target proteins
(COX-2,iNOS, TNF-q, and IL-1f3)

Ligand Binding energy (kcal/mol)

COX-2 iNOS TNF-a IL-1f
L-limonene -6.0 -6.5 -5.5 -5.7
Nonanoic acid -5.5 -5.8 —4.7 -4.9
Tetradecanoic acid -6.2 -6.1 -4.8 -5.6
Methyl palmitate -6.5 -5.5 -5.3 -5.8
Palmitic acid -6.5 -6.4 -5.4 -5.8
Ethyl palmitate -6.2 -5.8 -5.3 -5.4
Eugenyl acetate -6.6 -7.1 -5.9 -5.9
Squalene -8.1 -6.9 -7.3 -7.2
Vitamin E -7.9 -7.7 -7.6 -7.7
Stigmasterol -8.6 -7.7 -8.4 -7.7

For iNOS, the key predicted contacts involved TYR631 and PHE593 in chain A, with
distances ranging from 3.86 to 4.47 A. In the TNF-a complex, stigmasterol interacted with LEU55
in chain D, with an interaction distance of 5.27 A.

For IL-1B, stigmasterol interacted with the A chain via residues VAL47, LYS97, VAL100,
PRO57, PRO23, and ALA115, with distances ranging from 3.99 to 4.89 A. All the interactions
identified were hydrophobic in nature. The detailed interactions between stigmasterol and the
four target proteins are visualized in Figure 7.

Table 6. Molecular interactions of stigmasterol with COX-2, iNOS, TNF-a, and IL-1f3

Protein Binding energy Interacting Distance (&) Category Type
(kecal/mol) residues

COX-2 -8.6 HIS388 (A) 4.22 Hydrophobic Pi-Alkyl
VAL444 (A) 4.96 and 5.38 Hydrophobic Alkyl
ALA443 (A) 5.43 Hydrophobic Alkyl
LEU408 (A) 4.89 Hydrophobic Alkyl
LEU391 (A) 4.06 and 5.37 Hydrophobic Alkyl
LEU390 (A) 4.34 Hydrophobic Alkyl
ALA199 (A) 3.94 Hydrophobic Alkyl

iNOS -7.7 TYR631 (A) 3.86 and 4.47 Hydrophobic Pi-Alkyl
PHE593 (A) 4.29 Hydrophobic Pi-Alkyl

TNF-a -8.4 LEU55 (D) 5.27 Hydrophobic Alkyl

IL-1P -7.7 VAL47 (A) 4.56 and 4.89 Hydrophobic Alkyl
LYS97 (A) 3.99 Hydrophobic Alkyl
VAL100 (A) 4.77 and 4.82 Hydrophobic Alkyl
PRO57 (A) 4.21 Hydrophobic Alkyl
PRO23 (A) 4.49 Hydrophobic Alkyl
ALA115 (A) 4.39 and 4.83 Hydrophobic Alkyl

Molecular dynamics simulation
MDS were performed for 100 ns to evaluate the dynamic stability of stigmasterol in complex with
COX-2, TNF-qa, IL-1B, and iNOS (Figure 8). The average backbone RMSD values were
2.751+0.004 A, 2.07340.002 A, 2.220+0.005 A, and 3.321+0.013 A for COX-2, TNF-a, IL-1,
and iNOS, respectively (Figure 8A). Meanwhile, stigmasterol showed relatively low ligand
RMSD values across all complexes, with averages of 1.636+0.003 A for COX-2, 1.393+0.004 A
for TNF-a, 1.406+0.003 A for IL-1f, and 1.320+0.004 A for iNOS (Figure 8B).

RMSF analysis showed average fluctuations of 1.270+0.513 A, 1.029+0.509 A, 1.355+0.850
A, and 2.168+1.137 A for COX-2, TNF-q, IL-1B, and iNOS, respectively (Figure 8C). Protein—
ligand hydrogen-bond analysis showed average numbers of 0.017+0.002, 0.339+0.007,
0.609+0.009, and 0.076+0.003 for COX-2, TNF-a, IL-1, and iNOS, corresponding to
occupancies of 1.100%, 25.388%, 37.866%, and 5.649%, respectively (Figure 8D). The average
Rg values were 24.604+0.001 A for COX-2, 15.183+0.001 A for TNF-q, 14.733+0.001 A for IL-
1B, and 19.341+0.006 A for iNOS, with relatively limited variations throughout the simulation
(Figure 8E). SASA trajectories also showed relatively consistent profiles throughout the
simulation period (Figure 8F). Overall, the MD trajectories indicated that stigmasterol
remained associated with the four target proteins during the 100-ns simulations.
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Figure 7. Two- and three-dimensional docked poses of stigmasterol with (A) COX-2 (6COX), (B)
iNOS (3HR4), (C) TNF-a (2AZ5), and (D) IL-1f3 (8C3U).
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Figure 8. Molecular dynamics simulation (MDS) analyses of stigmasterol complexes with COX-
2, TNF-q, IL-1B3, and iNOS over 100 ns. (A) Backbone RMSD, (B) ligand RMSD, (C) RMSF, (D)
hydrogen bonds, (E) radius of gyration (Rg), and (F) solvent-accessible surface area (SASA).

Discussion

B. medicinalis exhibits a broad spectrum of pharmacological activities, including antioxidant,
antiviral, anticancer, antibacterial, and immunomodulatory effects [8,10,24]. The present study
confirmed the presence of various lipid-related constituents, particularly terpenoids, vitamins,
and steroids, in the ethanol extract of B. medicinalis leaves, which aligns with previous reports
[8,24]. The identification of key constituents such as squalene (triterpenoid), vitamin E, and
stigmasterol (steroid) underscores the therapeutic versatility of this extract, as these compounds
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have been documented to possess anti-inflammatory, anticancer, antioxidant, and
neuroprotective properties, among others [9,25-30].

Following the phytochemical profiling, this research proceeded with computational analysis,
including SAR analysis, ADME, and toxicity assessments, PPI analysis, biological process
evaluation, and molecular docking to assess the feasibility profile of selected compounds and their
interactions with target proteins associated with specific activities. SAR predictions indicated
anti-inflammatory activity for all compounds, albeit with variable Pa values. The ADME
assessment demonstrated adherence to Lipinski’s rule of five, with a single violation of the cLogP
parameter; such a deviation remains acceptable, as many approved therapeutics display one
violation while retaining favorable oral bioavailability [19]. Meanwhile, toxicity analysis revealed
that each selected compound displayed varying values for LDso, toxicity class, organ toxicity,
Tox21 stress response pathways, and toxicity endpoints [21].

Furthermore, the PPI and GO-BP analyses revealed that the target proteins (COX-2, iNOS,
TNF-a, and IL-1B) interact with a range of proteins involved in the inflammatory process.
Docking simulations identified stigmasterol as the most promising lead candidate, exhibiting the
most favorable predicted binding across the four targets: COX-2 (-8.6 kcal/mol), TNF-a (-8.4
kcal/mol), iNOS (-7.7 kcal/mol), and IL-1p (7.7 kcal/mol). This predicted affinity provides a
plausible molecular rationale for the anti-inflammatory potential of this Sulawesi-endemic
species. Interaction mapping indicated that the predicted stability of the stigmasterol-protein
complexes is governed mainly by hydrophobic interactions with key residues within the binding
pocket of each target [31,33].

These observations are consistent with previous evidence that stigmasterol modulates
inflammatory responses by suppressing pro-inflammatory mediators such as IL-1 and IL-6
[29,31]. These findings have important implications for the development of
phytopharmaceuticals derived from Sulawesi's biodiversity and provide preliminary
computational support for the traditional use of B. medicinalis by local communities. By targeting
multiple inflammatory pathways simultaneously (a multi-target approach), B. medicinalis
extract may have the potential to be developed into a therapeutic agent with a more favorable
safety profile than conventional anti-inflammatory drugs such as NSAIDs, which are frequently
associated with gastrointestinal and renal adverse effects during long-term use.

The MD simulations further supported the docking results by demonstrating relatively stable
stigmasterol—protein complexes throughout the 100-ns trajectories. In particular, the relatively
low ligand RMSD values (1.320-1.636 A) indicated limited displacement of stigmasterol within
the protein-binding environment.

The COX-2—stigmasterol complex showed an average RMSF of 1.270+0.513 A and an Rg of
24.604+0.001 A, which are comparable with previous findings [35], where an average RMSF of
1.11£0.53 A and Rg of 24.05+0.07 A were observed for a COX-2—stigmasterol complex,
supporting stable conformational behavior of this interaction [35]. Similarly, Rahman et al.
reported that stigmasterol remained stable during MD simulation with an average ligand RMSD
of 1.35+0.25 A, which is within the range observed for stigmasterol in the present study [36].

Although hydrogen-bond occupancy varied considerably among the four targets, this does
not necessarily indicate weak complex stability because the docking analysis showed that
stigmasterol binding was predominantly mediated by hydrophobic interactions. Collectively, the
MD results complement the docking predictions and further support stigmasterol as a candidate
capable of maintaining interactions with multiple inflammation-related targets.

Despite providing a comprehensive computational assessment, this study has several
limitations. The biological activities indicated by PASS analysis, target prediction, network
pharmacology, and molecular docking are preliminary computational data and should not be
regarded as definitive proof of pharmacological activity. Furthermore, molecular dynamics
simulations were performed only for the stigmasterol—protein complexes; therefore, the dynamic
stability of the complexes formed by the other docked compounds was not evaluated. In addition,
the computational predictions were not supported by experimental validation (in vitro and in
vivo) to confirm the anti-inflammatory effects and clarify the underlying molecular mechanisms
responsible for the potential therapeutic effects of stigmasterol and the total extract of B.
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medicinalis. As a result, the current findings should be viewed as hypothesis-generating, laying
the groundwork for future computational and experimental research.
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Conclusion

This study indicates that the ethanol extract of B. medicinalis leaves contains diverse secondary
metabolites, including terpenoids, vitamins, and steroids. Integrated in silico analyses predicted
that several of these constituents possess anti-inflammatory potential, favorable drug-likeness
profiles, and acceptable predicted safety profiles. Molecular docking predicted that stigmasterol
has the most favorable binding affinity toward each protein target, with the predicted interactions
predominantly involving hydrophobic contacts. MD simulations further indicated that the
stigmasterol—target complexes maintained dynamic stability throughout the 100-ns simulations
based on the evaluated structural and interaction parameters. These findings are consistent with
the traditional use of B. medicinalis as an anti-inflammatory remedy and support further
investigation of stigmasterol as a candidate compound. Collectively, these computational findings
provide a preliminary molecular basis for further investigation of B. medicinalis and its
constituents as potential anti-inflammatory candidates. However, the findings remain predictive
and require experimental validation through in vitro and in vivo studies before their
pharmacological relevance can be established.
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