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Abstract: Breast cancer is a major cause of mortality among women and requires the
development of alternative therapies derived from natural products. This study aimed
to profile bioactive compounds in the ethanol extract of gras jelly leaves (Cyclea
barbata Miers) and evaluate their predicted interactions with estrogen receptor alpha
(ERα), a key regulator of proliferation in ER-positive MCF-7 breast cancer cells using
an in silico approach. LC–HRMS analysis followed by database matching tentatively
annotataed 44 major compounds based on peak intensity after data filtering.
Molecular docking and simulation results indicated that several compounds exhibited
favorable predicted binding affinity toward estrogen receptor targets. Among them,
(3β, 24R, 24′R)-fucosterol epoxide demonstrated the most stable interaction. These
findings suggest that the compound showed promising interaction stability toward
the estrogen receptor in computational analysis. However, further in vitro and in vivo
studies are required to validate its biological activity

Introduction
The World Health Organization (WHO), through the
International Agency for Research on Cancer (IARC),
reported that the global cancer burden has reached
approximately 20 million cases across 185 countries.
Among these, breast cancer accounts for 11.6% of cancer-
related deaths, ranking second worldwide. According to
Global Cancer Statistics 2020, breast cancer ranks first in
cancer incidence in Indonesia. Cancer is a chronic disease
characterized by abnormal cellular changes leading to
uncontrolled cell growth and proliferation, with the
potential to metastasize (1, 2). Breast cancer is a malignant
tumor arising from breast tissue and remains one of the
most feared diseases among women (3).

As a country with high biodiversity, Indonesia has
significant potential for the development of natural
products that remain underutilized in modern medicine
(4). Numerous indigenous plants contain bioactive
compounds with pharmacological activities, including anti-
breast cancer properties (5). One plant with potential for
development as a source of bioactive compounds is
Cyclea barbata Miers. This plant is known to contain
various secondary metabolites, such as flavonoids,
alkaloids, and phenolic compounds, which have been
reported to have antioxidant activity, and can be used to

treat fever, gastritis, hypertension, diarrhea, coughing,
nausea, and digestive disorders (6). Previous studies have
shown that Green Grass Jelly leaves contain various
bioactive compounds, including flavonoids, alkaloids,
tannins, and saponins (6). The flavonoid content, in
particular, has demonstrated potential as an anticancer
agent (7). These compounds have been reported to exhibit
diverse pharmacological activities, such as antibacterial
and antioxidant effects. Furthermore, Green Grass Jelly
leaves have shown cytotoxic potential against cancer cells
(6). Because estrogen receptor alpha (ERα) plays a central
role in the proliferation and progression of ER-positive
breast cancer cells, investigating the interaction of Green
Grass Jelly leaves metabolites with this receptor may
provide mechanistic insight into the previously reported
cytotoxic activity of the plant. However, studies
investigating the potential of active compounds from
Green Grass Jelly leaves against MCF-7 breast cancer cells
through in silico approaches remain limited. In silico
methods employing molecular computational techniques,
such as molecular docking, enable the prediction of
compound–target protein binding affinity in cancer cells
efficiently and accurately. This approach represents an
important preliminary step in the discovery and
development of natural product–based anticancer agents
(8, 9).
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Given the high prevalence of breast cancer, the
exploration of natural bioactive compounds as alternative
therapeutic candidates remains an important area of
research. The search for and development of safer and
more effective therapeutic agents through the utilization
of natural bioactive compounds is therefore essential.
Considering the bioactive potential of green grass jelly
leaves, this plant may serve as a potential source of
compounds for breast cancer-related research.
Accordingly, this study aims to analyze the active
compounds present in the ethanolic extract of Green Grass
Jelly leaves and to evaluate their potential as anticancer
agents against MCF-7 breast cancer cells using an in silico
approach. MCF-7 is an estrogen receptor-positive breast
cancer cell line, making ERα a biologically relevant
molecular target for computational screening.

Although Green Grass Jelly leaves have been reported
to possess antioxidant and cytotoxic properties, studies
investigating its metabolite profile and predicted
interaction against ERα using integrated LC–HRMS and
molecular simulation approaches remain limited.
Therefore, we hypothesized that bioactive compounds
present in Green Grass Jelly leaves may exhibit favorable
interactions with ERα and could contribute to the
previously reported cytotoxic activity of the plant.
Accordingly, this study aims to analyze the active
compounds present in the ethanolic extract of Green Grass
Jelly leaves and evaluate their potential interactions with
ERα using an in silico approach.

Experimental Section

Preparation of Simplisia
A total of 2000 g of Green Grass Jelly leaves (C. barbata
Miers) were collected, followed by wet sorting and
washing under running water. The samples were then
dried in a drying oven (Memmert, Germany) at 60 °C for
10–24 h. The dried material was re-sorted, ground using a
blender (Philips, Indonesia), and sieved through a 60-mesh
sieve to obtain a homogeneous simplisia powder (10).

Simplisia Extraction
Extraction was carried out using the maceration method. A
total of 100 g of simplisia powder was macerated with
1000 mL of 96% ethanol (Merck, Germany) for 3 days, with
stirring every 24 h. The filtrate was filtered using Whatman
No. 1 filter paper, and the solvent was replaced for
remaceration. All filtrates were combined and
concentrated using a rotary evaporator (Büchi R-300,
Flawil, Switzerland) at a pressure of 175–180 mBar and a
temperature of 55 °C. The concentrated extract was stored
at 4 °C until further use (11, 12).

Phytochemical Screening
The phytochemical test solution was prepared by
dissolving 200 mg of the extract sample in 25 mL of 70%
ethanol. Each test was performed in triplicate (13).
Preliminary phytochemical screening was conducted using
standard qualitative procedures to tentatively detect the
presence of major secondary metabolite groups, including
alkaloids, flavonoids, tannins, quinones, steroids, and
terpenoids. However, these screening methods provide
only an initial indication of phytochemical constituents
and were not fully validated or quantitatively assessed.

Extract Profiling
The extract profile was monitored using Thin Layer
Chromatography (TLC) with silica gel GF₂₅₄ (Merck,
Darmstadt, Germany) as the stationary phase. The mobile
phase was adjusted according to the polarity of the target
compounds. TLC plates were observed under UV light at
254 and 366 nm (Camag UV Lamp, Switzerland). Spot-
detecting reagents included 10% H₂SO₄ in methanol
(universal reagent), Liebermann–Burchard reagent (for
triterpenoids), and 5% AlCl₃ in methanol (for flavonoids).

Metabolite Profiling by LC–HRMS
Identification of bioactive compounds was carried out
using Liquid Chromatography–High Resolution Mass
Spectrometry (LC–HRMS) with a Q-Exactive Orbitrap™
system (Thermo Fisher Scientific, Bremen, Germany). The
acquired spectral data were processed and matched
against reference databases using accurate mass
measurements, isotopic patterns, and MS/MS
fragmentation spectra for tentative compound
identification. Putative identifications were supported by
comparison of fragmentation patterns with spectral
libraries; however, no authentic reference standards were
used for confirmation, and therefore the reported
compounds should be considered as tentatively identified.
Compound annotation confidence levels were assigned
based on the Metabolomics Standards Initiative (MSI), with
most features corresponding to Level 2 identification.

The identified metabolites included phenolic
compounds, flavonoids, alkaloids, and terpenoids, which
are commonly reported to possess antioxidant and
antidiabetic activities. These results provide a preliminary
phytochemical profile of the ethanolic extract of Green
Grass Jelly leaves.

In silico Study
The in silico study was conducted using molecular docking
and molecular dynamics simulations. The workflow
included ligand preparation, protein preparation,
validation of the molecular docking method, docking
simulation of test ligands with target proteins,
visualization, molecular dynamics simulation, and result
interpretation. The molecular docking system was run on a
Linux Ubuntu 24.04 LTS operating system with a Ryzen 7
5700X CPU, GeForce RTX 3070 Ti 8 GB GPU, 32 GB RAM,
and 8.5 TB storage. The software utilized included
Autodock Tools 4.2.3 (The Scripps Research Institute, La
Jolla, CA, USA), MGLTools 1.5.6, GROMACS 2024 (University
of Groningen, Netherlands), AmberTools 2024, PyRx 0.9.2
(Molecular Graphics Laboratory, USA), Discovery Studio
Visualizer 2025 (BIOVIA, San Diego, USA), VMD (Visual
Molecular Dynamics, University of Illinois, USA), XTB 6.4.1,
RDKit, Protein-Ligand Interaction Profiler (PLIP) Version
2.3.1, and ChemBio Office 2016.

Protein Crystal Structures
Protein Crystal Structures High-resolution, non-mutant
crystal structures of the following proteins from the
receptors were obtained from the RCSB Protein Data Bank.
The crystal structure of Estrogen Receptor Alpha (ERα)
with PDB ID: 7NDO was obtained from the RCSB Protein
Data Bank. This structure was selected because it
represents the ligand-binding domain of ERα, a
transcription factor involved in estrogen-mediated
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signaling and a validated therapeutic target for hormone-
dependent diseases. Furthermore, the crystal structure was
determined by X-ray diffraction at a high resolution of
1.60 Å, providing highly accurate atomic coordinates
suitable for molecular docking studies.

Protein Structure Preparation
The crystal structure of Estrogen Receptor Alpha (ERα) was
retrieved from the RCSB Protein Data Bank (PDB ID:
7NDO). Water molecules and non-protein residues were
removed using Discovery Studio to isolate the
macromolecule for docking (15).

Ligand Structure Preparation
Ligand structures were retrieved from the PubChem
database using SMILES strings derived from the LC–HRMS
analysis. The 2D structures were converted to 3D, followed
by geometry optimization using the xTB (eXtended Tight-
Binding) software, utilizing the GFN-xTB method.

Molecular Docking Analysis
Molecular docking validation was performed using
AutoDock version 4.2.3 (20) on the prepared protein. The
natural ligand was separated from the protein using
Discovery Studio and then re-docked to the target protein
(redocking). The center of the grid was positioned within
the natural ligand, encompassing all residues in the
binding site. Grid box determination was achieved by
identifying the central region of the natural ligand and
performing docking with a maximum of 100 GA runs
(medium evals) using the Lamarckian Genetic Algorithm
(LGA). The validation was considered successful if the Root
Mean Square Deviation (RMSD) value was ≤ 2Å (21).
Docking simulations of the test ligands against the target
protein were performed using the AutoDock4 algorithm
implemented in PyRx 0.9.2, utilizing grid box settings
obtained from the validation results. The final stage
involved interpreting the molecular docking results by
analyzing the ΔG (binding free energy) values and
intermolecular interactions (22).

Molecular Dynamics Simulation
Molecular dynamics simulations were performed using the
GROMACS version 2024 application

(https://www.gromacs.org/) to simulate the interaction
between the target and ligand under conditions
approximating the physiology of the organism. The
modeling phase involved topology preparation, including
7NDO target preparation, topology ligand preparation,
protein and ligand solvation stages using a box-type
simulation, energy minimization to avoid unwanted
contact between atoms, and equilibration to maintain
constant temperature, pressure, and volume throughout
the simulation. Equilibration was performed to regulate
the system temperature at the desired level, e.g., a
constant temperature of 310K. The total number of protein
and ligand atoms was also calculated in the s line of the
complex. gro file. MD simulations were performed for 100
ns. The trajectories were analyzed to assess the stability
and conformational behavior of the protein–ligand
complex under physiological conditions, The protein was
parameterized with the AMBER ff13SB force field, which
has been widely validated for reproducing protein
structural dynamics and stability. Prior to the production
run, the system underwent energy minimization followed
by equilibration under NVT and NPT ensembles. After the
trajectories was completed, the final stage was to analyze
the results of the molecular dynamics simulation, including
RMSD, RMSF, hydrogen bonding, and MMGBSA.

Results and Discussion
In the first stage, extraction was carried out using the
maceration method, which does not require heating and
thus minimizes the degradation of thermolabile
compounds. The yield data are summarized in Table 1.
Drying 2,000 g of fresh grass jelly leaves produced 263.11
g of dried plant material (simplicia), corresponding to a
yield of 13.16%, whereas maceration of 100 g of simplicia
produced 23.08 g of concentrated ethanolic extract,
corresponding to an extraction yield of 23.08%. The
reduction in mass during simplicia preparation primarily
reflects moisture removal, while the extract yield
represents the proportion of ethanol-soluble constituents
recovered from the dried material.

The solvent used was 96% ethanol, due to its suitable
polarity and status as a universal solvent capable of
extracting a wide range of chemical compounds, from
polar to non-polar. Additionally, ethanol is less prone to

Table 1. Yield of simplisia and extract of Green Grass Jelly leaves.

Plant Material Sample Weight (g) Dried Weight (g) Yield (%)

Simplisia 2,000 263.11 13.155
Ekstrak 100 23.08 23.08

Table 2. Phytochemical screening results of Green Grass Jelly leaves.

Secondary Metabolite Simplisia Extract

Alkaloid + +

Steroid/Triterpenoid + +
Kuinon - -
Flavonoid + +

Saponin + -
Tannin + +

Sciences of Pharmacy · 10.58920/sciphar0502619 Page 314

https://doi.org/10.58920/sciphar0502619


Abdul M I et al. 2026 ETFLIN Portfolio

microbial contamination and is considered less toxic
compared to other organic solvents (14).

In the second stage, phytochemical screening was
conducted on both the simplisia and the ethanolic extract
of Green Grass Jelly leaves (C. barbata Miers), and the
results are summarized in Table 2. The choice of solvent in
the extraction process generally follows the principle that
nonpolar compounds dissolve in nonpolar solvents,
whereas polar compounds dissolve in polar solvents. This
directly affects the chemical constituents that can be
extracted, depending on the solvent’s polarity (15).

As shown in Table 2, phytochemical screening
confirmed the presence of alkaloids, flavonoids, tannins,
and steroid/triterpenoid constituents in both the simplicia
and ethanolic extract. While these metabolite classes have
previously been reported in C. barbata Miers, their
detection in the present extract supports the suitability of
ethanol as an extraction solvent for recovering compounds
potentially relevant to biological activity. The persistence
of these metabolite groups after extraction suggests that
ethanol efficiently extracted semi-polar constituents that
may contribute to the pharmacological properties
previously reported for this plant.

Among the detected metabolite classes, flavonoids
and triterpenoids are particularly relevant because several
compounds belonging to these groups have been
reported to interact with signaling pathways associated
with cancer progression, including estrogen receptor-
mediated mechanisms. Nevertheless, phytochemical
screening provides only qualitative information and does
not allow direct attribution of biological activity to specific
constituents. Therefore, further metabolite profiling using
LC–HRMS was required to obtain a more detailed
characterization of the extract composition.

Meanwhile, quinones were not detected in either the
simplisia or the ethanolic extract, and saponins were only
present in the simplisia but absent after extraction. The
loss of saponins in the ethanolic extract is likely due to
their higher solubility in polar solvents such as water
compared to ethanol, resulting in suboptimal extraction.
Overall, these results indicate that the ethanol extraction
method is capable of isolating most of the active

secondary metabolites, particularly semi-polar compounds
such as flavonoids and alkaloids, which play a key role in
the biological activities of Green Grass Jelly leaves.

The TLC profile of the ethanolic extract of Green Grass
Jelly leaves (C. barbata Miers) is presented in Figure 1.
Separation on silica gel F254 using n-hexane–ethyl acetate
(5.5:4.5, v/v) produced several spots that showed different
responses under visible light, UV light at 254 and 366 nm,
and after derivatization. The appearance of spots following
treatment with 10% H₂SO₄, Liebermann–Burchard reagent,
and 5% AlCl₃ provided a preliminary indication of
chemically diverse constituents, including
steroid/triterpenoid- and flavonoid-like compounds. These
TLC observations were consistent with the phytochemical
screening results in Table 2 and supported subsequent
characterization by LC–HRMS.

In the third stage, the ethanolic extract of Green Grass
Jelly leaves (C. barbata Miers) was monitored using Thin
Layer Chromatography (TLC) on silica gel F254 plates, with
the mobile phase optimized for optimal elution. The
selected solvent system was chloroform: methanol (9:1).
For qualitative detection of active compounds, three
reagents were employed: 10% H₂SO₄ in methanol as a
universal reagent, Liebermann–Burchard reagent for
triterpenoids, and 5% AlCl₃ in methanol for flavonoids.
This approach enabled the visualization and preliminary
profiling of the extract’s bioactive constituents.

In the fourth stage, the ethanolic extract of Green
Grass Jelly leaves (C. barbata Miers) was analyzed using
LC–HRMS. The chromatogram initially revealed 84
detected peaks. To refine the analysis, blank methanol
peaks from the mobile phase were excluded, and duplicate
compounds were removed, resulting in 44 tentatively
identified peaks (Figure 2). The compounds were
tentatively annotated based on accurate mass information
and the retention times of targeted reference standards.
Structural characterization of the 44 peaks was performed
using accurate mass measurements, literature data, mass
spectra, molecular weight, chemical formula, and
fragmentation patterns. These were cross-checked against
external databases, including MassBank, PubChem,
ChemSpider, and relevant scientific journals. Although 84

Figure 1. TLC profile of the ethanolic extract of Green Grass Jelly leaves, visualized under different conditions: (a) visual
inspection, (b) UV light at 254 nm, (c) UV light at 366 nm, (d) 10% H₂SO₄ in methanol, (e) Liebermann–Burchard reagent,

and (f) 5% AlCl₃ in methanol under UV 366 nm.
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peaks appeared in the chromatogram, only those with
identifiable literature-supported data were included in the
final analysis. This approach ensures that the identified
compounds are accurately characterized and relevant for
further pharmacological evaluation.

Metabolites in the ethanolic extract of Green Grass
Jelly leaves (C. barbata Miers) were successfully identified
using LC–HRMS, as visualized in the Total Ion
Chromatogram (TIC) in negative ion mode, with detailed
compound data presented in Supplemental Table 1. Each
peak in the chromatogram represents a compound eluted
from the chromatography column at a specific retention
time (RT). The varying peak intensities along the y-axis
reflect the relative abundance of the detected ions. The
highest peak was observed at RT 1.136 min, corresponding
to 1, 3, 4, 5-Tetrahydroxycyclohexanecarboxylic acid, while
other significant peaks appeared at RT 1.097 min and
26.664 min, identified as 2-C-methylerythritol 4-phosphate
and Pheophorbide A, respectively. The diverse distribution
of RTs and peak intensities highlights the complexity and
richness of bioactive metabolites in the extract. The use of
negative ion mode enhanced the sensitivity for detecting
phenolic and flavonoid compounds. This TIC serves as a
fundamental reference for compound annotation and
supports qualitative metabolite analysis, providing a
detailed chemical fingerprint crucial for
phytopharmaceutical exploration.

LC–HRMS analysis resulted in the tentative annotation
of 44 metabolites after data filtering and removal of
duplicate features. Because compound assignment was
based primarily on accurate mass measurements, isotopic
patterns, database matching, and fragmentation similarity
rather than authentic reference standards, the reported
identities should be interpreted as putative rather than
definitive identifications. Four major peaks were selected
for further analysis based on their fragmentation profiles.
This approach allows for interpretation of the fragment
ions generated from each molecule, thereby strengthening
the structural prediction of the compounds. For simplicity,
the code “s” is used to represent each compound.

The first peak, with a retention time of 1.136 min and
a mass of 192.063 (C₇H₁₂O₆), displayed a fragmentation
pattern characterized by the loss of hydroxyl and carboxyl
groups. This aligns with the predicted compound 1, 3, 4, 5-
Tetrahydroxycyclohexanecarboxylic acid, which is rich in
polar functional groups and prone to dehydration
fragmentations. The s peak, at a retention time of 1.097

min and a mass of 216.039 (C₅H₁₃O₇P), exhibited
characteristic phosphate-derived fragment ions in
negative mode, supporting its identification as 2-C-
methylerythritol 4-phosphate, a metabolite in the non-
mevalonate pathway.

The third peak, with a retention time of 1.219 min and
a mass of 210.073 (C₇H₁₄O₇), exhibited a fragmentation
pattern characterized by successive losses of water
molecules, a common behavior for sugars or carbonyl
derivatives. This pattern supports the identification of
Hept-2-ulose, a ketose compound with a strong tendency
toward dehydration reactions.

Meanwhile, the fourth peak, observed at 26.66 min
with a mass of 592.2666 (C₃₅H₃₆N₄O₅), displayed a
fragmentation pattern typical of chlorophyll derivatives,
including the loss of the phytol group or cleavage of the
porphyrin ring. These fragments are consistent with the
structure of Pheophorbide A, which contains a complex
tetrapyrrole core. Collectively, the observed fragmentation
patterns provide supporting evidence for the proposed
annotations. However, because structural confirmation
using authentic standards was not performed, the
assignments remain tentative and should be interpreted
with caution. Additional MS/MS comparison with
reference compounds or NMR characterization would be
required for definitive structural confirmation. In the fifth
stage, molecular docking simulations of the test ligands
against the target protein were performed using the PyRx
application. The grid box was configured based on the size
and active site of the protein as determined from prior
validation. Adjustments were made to match the active
site, setting the grid dimensions to 60 × 44 × 44 at the
binding site coordinates.

In molecular docking, the grid box defines a 3D
volume in which the docking algorithm searches for
potential binding positions to optimize interactions
between the ligand and the target. Its size and location are
determined based on the dimensions of the target
molecule and the ligand being tested. Proper adjustment
ensures that the ligand can fully access the binding site,
maintaining flexibility and allowing accurate prediction of
ligand–protein interactions without spatial constraints.

Molecular docking simulations can analyze the
position of a ligand relative to its target and the chemical
bonds formed, allowing prediction of the ligand’s affinity
for the target. Docking of the test ligands was performed
to determine their interactions and binding affinity with

Figure 2. LC–HRMS chromatogram of the ethanolic extract of Green Grass Jelly leaves.
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the active site of the target protein. The free binding
energy (ΔG) is a measure of a ligand’s ability to bind to a
target: the lower (more negative) ΔG, the stronger the
predicted binding affinity and conversely, higher ΔG values
indicate weaker binding (16). ΔG values reflect the stability
of the ligand–receptor complex; the more negative the ΔG,
the more stable the interaction and the stronger the
binding between the ligand and receptor (17, 18). Low free
binding energy indicates a stable ligand–target complex
(19). All the docking outputs can be seen in Supplemental
Table 2.

Binding affinity values obtained from molecular
docking provide an estimate of the thermodynamic
favorability of protein–ligand interactions. However,
docking scores should not be interpreted as direct
measures of biological activity because cellular efficacy
depends on multiple factors, including membrane
permeability, metabolic stability, target selectivity, and
downstream signaling responses. Therefore, the docking
results presented here should be regarded as a preliminary
screening tool for identifying compounds with potentially
favorable interactions toward ERα. The corresponding

Figure 3. Ligand–protein docking visualization of Estrogen Receptor Alpha, showing the native ligand (NL), control
(Tamoxifen; CTRL), and test compounds (s11, s16, and s40).
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binding poses and residue-level interactions of the native
ligand, tamoxifen, s11, s16, and s40 are presented in
Figure 3.

Although compound s16 exhibited a more favorable
docking score than tamoxifen, this result should be
interpreted cautiously. Docking scores alone do not
establish superior pharmacological activity. Tamoxifen is a
clinically validated selective estrogen receptor modulator
whose biological effects arise not only from receptor
binding but also from specific conformational changes
induced upon receptor interaction. Therefore, differences
in docking scores do not necessarily translate into superior
therapeutic efficacy. Nevertheless, the overlap of several
binding-site residues suggests that s16 may interact within
a similar region of the receptor and warrants further
investigation.

The native ligand (NL) exhibited the highest binding
affinity at –14.41 kcal/mol, forming five hydrogen bonds
with key residues Arg394, Glu353, and Gly521, as well as

eleven hydrophobic interactions involving Leu, Ala, and
Phe residues. These results indicate that NL can stabilize
the complex through a combination of polar and
hydrophobic interactions, resembling or even surpassing
the control ligand. Additionally, compounds s16 ((3β, 24R,
24′R)-fucosterol epoxide), s30 (3, 4a, 5-Trimethyl-6-
{[(2E)-3-(methylsulfanyl)-2-
propenoyl]oxy}-4,4a,5,6,7,8,8a,9-octahydronaphtho [2,3-
b]furan-4-yl (2E)-2-methyl-2-butenoate), and s40 (6-
(1,2,3,4-Tetrahydro-6-methoxy-2-naphthyl)-2 (1H)-
pyridone) also demonstrated high binding affinities of –
11.07, –9.46, and –8.09 kcal/mol, respectively, with varying
residues involved within the active site pocket. These
results suggest predicted favorable interactions of these
compounds with Estrogen Receptor Alpha.

In the fifth stage, molecular dynamics (MD)
simulations were conducted on the native ligand,
Tamoxifen (CTRL), and the three top compounds: s11
(Piclamilast), s16 ((3β,24R,24′R)-fucosterol epoxide), and

Figure 4. Root Mean Square Deviation (RMSD) of the protein–ligand complexes, comparing the native ligand (NL),
control (tamoxifen; CTRL), and test compounds (s11, s16, and s40).
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Figure 5. Residue fluctuations of Estrogen Receptor Alpha
around the binding site atoms, comparing the native

ligand (NL), control (tamoxifen; CTRL), and test
compounds (s11, s16, and s40).

s40 (6-(1,2,3,4-Tetrahydro-6-methoxy-2-naphthyl)-2 (1H)-
pyridone). These simulations were used to evaluate the
stability of ligand interactions within the binding pocket of
the target protein under conditions resembling
physiological environments over a defined period.
Topology and coordinate files for each ligand–protein
complex were generated, and each system was solvated
using the TIP3P water model with a 10 Å buffer around the
protein. The complexes underwent energy minimization,
followed by gradual heating to 310 K at 1 atm pressure,
then equilibration and production phases running for 100
ns. After the simulations, analyses were performed on
parameters including RMSD (Root Mean Square
Deviation), RMSF (Root Mean Square Fluctuation),
hydrogen bonds, SASA (Solvent Accessible Surface Area),
radius of gyration (Rg), and MM-GBSA binding energy.
These evaluations provided detailed insights into the
stability, flexibility, and binding strength of the ligand–
protein complexes over time.

RMSD (Root Mean Square Deviation) is a parameter
used in molecular simulations to measure the degree of
structural deviation of a molecule from its reference
structure over the course of the simulation. RMSD is
calculated as the average root mean square of the
distances between corresponding atoms in two structures,
typically comparing the initial structure to the structure at
a given time point during the simulation. It reflects
changes in atomic positions or fluctuations occurring at
the active site of the target protein throughout the
simulation. RMSD values below 2.0 Å to 5.0 Å indicate that
the ligand remains stable within the binding pocket over
the 100 ns simulation period (20). The RMSD profiles of
the native ligand, tamoxifen, s11, s16, and s40 complexes
are presented in Figure 4.

Molecular dynamics simulations were performed to
evaluate the stability of the protein–ligand complexes
based on Root Mean Square Deviation (RMSD) analysis.
For the NL, CTRL, s11, s16, and s40 ligands, RMSD values
of the protein 7NDO and the native ligand (NL) were
monitored over 100 ns. The protein RMSD showed minor
fluctuations, with an average value below 0.35 nm,
indicating that the protein structure remained stable
throughout the simulation. The NL, CTRL, and s11

(Piclamilast) ligands exhibited stable RMSD values
between 0.2–0.5 Å over the 100 ns simulation period.

Ligand s16 ((3β, 24R, 24′R)-fucosterol epoxide)
showed the highest fluctuation around 20 ns with an
RMSD of 0.6 Å, which still indicates overall stability. In
contrast, s40 (6-(1,2,3,4-Tetrahydro-6-methoxy-2-
naphthyl)-2(1H)-pyridone) fluctuated more dynamically
between 1–25 ns around 1 Å, then stabilized around 0.7 Å,
but showed further fluctuations between 0.6–1.1 Å at 60
ns, suggesting some residual instability up to 100 ns. This
indicates that although s40 experienced significant initial
movement, its position eventually stabilized within the
binding site. Overall, RMSD analysis provides critical
insight into the structural stability of the complexes during
simulation and serves to confirm that ligands can interact
consistently with the protein over an extended period.

RMSF (Root Mean Square Fluctuation) is a metric that
measures how much a specific particle, such as a protein
residue, deviates from its reference position over a certain
period, typically the average position of the particle over
time (20). RMSF analysis identifies which structural
components deviate the most or the least from their
average structure. It evaluates the movements of
individual atoms or amino acid residues that make up the
receptor, reflecting the flexibility of the receptor. Overall,
RMSF values indicate the displacement of each amino acid
residue during the simulation, particularly at the active
site, and provide insight into the flexibility and dynamic
interactions of the protein–ligand complex. The residue-
wise RMSF profiles of the simulated complexes are
presented in Figure 5.

The Root Mean Square Fluctuation (RMSF) analysis of
the Estrogen Receptor Alpha (ERα) complexes showed that
the residues around the ligand binding site remained
relatively stable, with RMSF values below 0.3 Å. The
highest fluctuation was observed near residue Glu353,
which plays a key role in hydrogen bonding with the
native ligand. Low RMSF values at critical residues such as
Arg394 and Gly521 indicate that the binding site remained
stable throughout the simulation, demonstrating that the
ligand–receptor complexes maintained good structural
stability.

Furthermore, the similar fluctuation patterns observed
between the control ligand (CTRL) and the test ligands
(s11 (Piclamilast), s16 ((3β,24R,24′R)-fucosterol epoxide),
s40 (6-(1,2,3,4-Tetrahydro-6-methoxy-2-naphthyl)-2(1H)-
pyridone)) as well as the native ligand (NL) indicate that
ligand binding did not induce major conformational
changes in the receptor’s active site. This suggests that
interactions between the ligands and key residues in the
binding pocket are strong enough to maintain the
protein’s configuration throughout the simulation. The low
RMSF values observed for residues surrounding the
binding pocket suggest limited local conformational
changes during the simulation. However, because RMSF
reflects residue flexibility rather than binding strength
directly, these observations should be interpreted as
supportive evidence of structural stability rather than
definitive proof of ligand efficacy.

This analysis was performed to calculate the binding
free energy between macromolecules and ligands using
the MM-GBSA approach, which combines molecular
mechanics calculations with a continuum solvation model.
The gas-phase free energy (∆G_gas) is calculated based
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Figure 6. MM-GBSA binding energy calculations for the
native ligand (NL), control (tamoxifen; CTRL), and test

compounds (s11, s16, and s40).

primarily on van der Waals interactions (∆E_VDW), which
are typically more dominant than electrostatic energy
contributions (∆E_EL). Meanwhile, the solvation
contributions are calculated using the Generalized Born
model, where the polar solvation energy (∆E_GB) and the
non-polar surface energy (E_surf) contribute to the total
solvation free energy (∆G_solv). The final total binding free
energy for each protein–ligand complex is obtained by
summing ∆G_gas and ∆G_solv. The resulting energy
components and total binding-energy estimates are
presented in Figure 6.

In molecular dynamics simulations, MM-GBSA
(Molecular Mechanics Generalized Born Surface Area)
calculations are often used to estimate the binding
strength between proteins and ligands. This method
computes the total binding energy based on several
components, including van der Waals energy (E_VDW),
electrostatic energy (∆E_EL), polar solvation energy
(∆E_GB), and non-polar solvation energy (E_surf). Using
this approach, protein–ligand interactions can be analyzed
more comprehensively and efficiently without the need to
directly calculate free energy from long simulations.

The main purpose of MM-GBSA calculations is to
determine the stability of the formed complex. The total
binding energy is calculated as the sum of gas-phase
energy (∆G_gas = E_VDW + ∆E_EL) and solvation energy
(∆G_solv = ∆E_GB + E_surf). More negative total energy
values indicate a more stable complex with stronger likely
interactions. Based on MM-GBSA calculations, the complex
between the native ligand (NL) and Estrogen Receptor
Alpha exhibited the lowest total energy at –57.44 kcal/mol.
This value indicates the most favorable estimated binding
free energy among the simulated complexes. However,
MM-GBSA calculations provide an approximation of
relative binding energetics and should not be considered a
direct predictor of biological potency. The primary
contributors to complex stability were van der Waals
interactions (–60.2 kcal/mol) and electrostatic energy
(∆E_EL = –227.44 kcal/mol), which play a major role in
maintaining non-covalent interactions within the binding
site. The negative ∆G_gas also indicates that the
interatomic interactions within the complex occur
spontaneously and are energetically favorable.

Meanwhile, the control ligand and test ligands (s11
(Piclamilast), s16 ((3β, 24R, 24′R)-fucosterol epoxide), and
s40 (6-(1,2,3,4-Tetrahydro-6-methoxy-2-naphthyl)-2(1H)-

pyridone)) showed higher total energy values compared to
NL, at –49.00, –38.11, –31.96, and –36.77 kcal/mol,
respectively. This indicates that the complex formed by the
native ligand (NL) is more stable than those formed by the
other ligands. The positive solvation energy contribution
(∆G_solv) in all complexes reflects energy compensation
from the aqueous solvent environment, but it is not
sufficient to offset the stabilizing effect of internal
interactions within the complex. Therefore, it can be
concluded that NL exhibits the strongest and most stable
binding to Estrogen Receptor Alpha based on MM-GBSA
energy calculations.

Conclusion
LC–HRMS analysis of the ethanolic extract of grass jelly
leaves detected 84 chromatographic peaks. After blank
subtraction and removal of duplicate features, 44
putatively identified compounds were retained for further
analysis. Molecular docking against Estrogen Receptor
Alpha (ERα) revealed that compounds s11 (Piclamilast),
s16 ((3β, 24R, 24′R)-fucosterol epoxide), and s40 (6-
(1,2,3,4-Tetrahydro-6-methoxy-2-naphthyl)-2(1H)-
pyridone) exhibited favorable predicted binding affinities
and interactions with several key residues involved in
ligand recognition, including Arg394, Glu353, and Gly521.
Subsequent molecular dynamics simulations suggested
that the s11 and s16 complexes maintained relatively
stable interactions within the receptor binding pocket
throughout the simulation period.

However, these findings are based solely on
computational analyses and putative metabolite
identification, and therefore should be interpreted with
caution. Binding affinity values, molecular dynamics
parameters, and MM-GBSA energies provide only
predictive information regarding protein–ligand
interactions and do not constitute direct evidence of
biological activity or therapeutic efficacy. Consequently,
the present study identifies s16 as a compound of interest
for further investigation rather than as a validated lead
compound.
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