RESEARCH PAPER

Unraveling Multi-Target Interactions of Nilgirianthus ciliatus (Nees) Bremek.
Triterpenoids Against Pulmonary Disease via Network Pharmacology,
Docking, and Molecular Dynamics.

Pavan Kumar Katukukke', Collince Omondi Awere?, Venkatramanan Varadharajan®, Manikandan
Ramesh**

!PhD scholar, Department of Biotechnology, Science Campus, Alagappa University, Karaikudi, Tamilnadu- 630003,
India,
orcid id- 0000-0003-2170-144X
2PhD scholar, Department of Biotechnology, Science Campus, Alagappa University, Karaikudi, Tamilnadu- 630003,
India,
orcid id- 0000-0002-7763-0997
3 Assistant Professor, Department of Biotechnology, PSG College of Technology, Peelamedu, Coimbatore, India,
orcid id-0000-0002-5608-7737
* Professor, Department of Biotechnology, PSG College of Technology, Peelamedu, Coimbatore, India,
orcid id-0000-0002-7969-4935

ABSTRACT

Pulmonary inflammation (PI), pulmonary fibrosis (PF), and lung cancer (LC) manifest a progressive disease continuum
driven by chronic immune activation, oxidative stress, and aberrant tissue remodeling. Given the limited effectiveness of
single-target therapies in modulating these interlinked pathways, plant-derived multi-target compounds represent a
plausible therapeutic option. This study systematically explored the multi-target potential of Nilgirianthus ciliatus (Nees)
Bremek (NC). phytoconstituents against pulmonary diseases using integrated network pharmacology, molecular docking,
toxicity assessment, and molecular dynamics simulations. A total of 821 NC phytocompounds-related genes and over
22,000 disease-associated genes were mined, revealing 157 common molecular targets. Protein—protein interaction analysis
revealed STAT3, SRC, JUN, AKT1, and ESR1 as major hub nodes governing inflammatory and fibrotic signaling. GO and
KEGG enrichment displayed significant involvement of oxidative stress responses, cytokine signaling, PI3K—Akt, MAPK,
TNF, and IL-17 pathways, which indicates molecular relevance to pulmonary injury and remodeling. Docking analysis
revealed outstanding STAT3 binding affinities for triterpenoids like lupeol, B-amyrin, and squalene; in particular, squalene
was found to possess good stability and predicted low toxicity (Class V). Molecular Dynamic simulation of the STAT3—
squalene complex revealed stable binding, with minimal conformational drift and consistent hydrophobic interaction
involving key residues, thus indicating sustained inhibitory potential therein. Collectively, these findings underpin the
potential of NC terpenoids—especially squalene to modulate multiple pathogenic targets and axes implicated in pulmonary
inflammation, fibrosis, and carcinogenesis. This computational evidence positions NC as a promising candidate for further
experimental validation and development of multi-target therapeutics against chronic lung disorders.
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INTRODUCTION

Pulmonary inflammation (PI), pulmonary fibrosis (PF), and
lung cancer (LC) are diseases of the respiratory system with
an important global disease burden. The disease initiation is
driven by repeated environmental exposures and infectious
effect that cause chronic pulmonary inflammation, which
activates the transcriptional regulators NF-kB and MAPK,
thus eliciting cytokine overexpression, immune cell
infiltration, and oxidative stress (Fan et al., 2015; Saleem,
2024; Y. Zhang et al., 2022). Over time, and in the absence
of resolution, chronic inflammatory cascades in TGF-f and
PI3K-Akt signaling induce fibrotic remodeling that leads to
PF (Savin et al., 2022; Wang et al., 2021; Y. Zhou et al.,
2024). As PF progresses, an evolving fibrotic remodeling
modifies the lung microenvironment, which provides a
permissive niche for oncogenic transformation that
ultimately increases LC risk (Kinoshita & Goto, 2019;
Samarelli et al., 2021; Tzouvelekis et al., 2019, 2022). This
continuum of disease burden signals the urgent need for
therapeutic interventions that can modify concomitant
signaling networks rather than solely targeting individual
pathways or phases of disease.

Network pharmacology strategies identified the hub genes
MAPK, STAT3, JUN ATK and many more pathway genes
as the key regulators of concerted signaling inflammation
(Yu et al., 2024), fibrosis (Kasuya et al., 2021; Y. Zhou et
al., 2024), and carcinogenesis (Sin et al., 2020; Tran, 2021).
Abrogation of such signaling hubs not only increases
cellular signals of survival and growth but also causes
immune dysregulation, extracellular matrix remodeling,
and improper tissue repair mechanisms. Together, these
data create a molecular setting that supports chronic
inflammation, a fibrotic disease process, and an oncogenic
transformation. Modulation of this intricate crosstalk by
single-target drugs in combinations is not possible,
underscoring the rationale for multi-target therapies that,
when taken together, are capable of modulating several key
pathways simultaneously.

Medicinal plants are a terminal resource for multitarget
agents. Nilgirianthus ciliatus (Nees) Bremek. (NC), a
vulnerable medicinal shrub endemic to the Western Ghats
of India, which belongs to the Acanthaceae family, has been
used in traditional medicine for centuries for the
management of various ailments, such as inflammation,
glandular hypertrophy, and wound healing (Kumar et al.,
2025; Rameshkumar et al., 2018; Srinivasan et al., 2024).
Phytochemical studies indicate that the plant has
terpenoids, flavonoids, phenolics icluding squalene, lupeol,
stigmasterol in its composition, some of these have
antioxidant, anti-inflammatory, and cytoprotective
activities (Amarowicz, 2009; Bidooki et al., 2024; Cardeno
etal., 2015). Among these phytochemicals, squalene serves
as a precursor for all other phytosterols; its oxidation

through various biosynthetic pathways leads to the
formation of distinct phytosterols. The plant has yet to be
fully characterized for its pharmacological benefits in
complex pulmonary diseases.

Systems biology and computational methods have become
potent means of filling this gap. In most studies, disecase-
related genes, compound-target relationships, and protein-
protein networks are combined to detect hub genes and
pathways (Mohanty et al., 2024; Rout et al., 2024; Shi et al.,
2025). Enrichment tools like Gene Ontology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) draw
out biological process and signaling cascade context,
whereas  molecular  docking  demonstrates  how
phytochemicals can bind and modulate key proteins (Gao et
al., 2022; Li et al., 2021; Zhang et al., 2020). In addition,
toxicology profiling guarantees that lead compounds have
good pharmacokinetic properties, increasing their
translational value (Balani et al., 2005; Chung et al., 2015;
Tarbit & Berman, 1998).

Where molecular docking represents the static
conformation of the binding structure, MD simulations
complement these by enabling the study of biomolecular
interactions under dynamic and physiologically relevant
conditions. Unlike pure docking, which is a simple snapshot
of the binding conformation, MD simulations reflect time-
dependent fluctuations and flexibility of proteins and
solvent that influence the stability of their complexes over
time (Karplus & McCammon, 2002). Moreover, by tracking
parameters like RMSD, RMSF, and solvent accessibility,
MD is able to assess the stability of the ligand in its binding
pose or its dislocation within the active site during
simulation events (Durrant & McCammon, 2011). In
addition, MD enables the visualization of induced fit
adjustments and new stabilizing interactions that are not
observable from static models, increasing accuracy in
predictions of ligand compatibility and permeability
(Hollingsworth & Dror, 2018). The integration of these two
techniques, therefore, certainly offers one a more
comprehensive and reliable perspective on how
phytocompounds interact at the molecular level with
pulmonary disease targets. Cumulatively, these approaches
form a systems-based rationale for appreciating how plant-
derived compounds can function as multi-target therapeutic
agents.

Within this context, NC is a timely and promising lead for
investigation. Through the combination of ethnomedicinal
knowledge and systems biology, it is potentially a source of
new plant-derived interventions for PI, PF, and LC with
sustainable solutions at a time when the chronic burden of
lung disease globally keeps increasing while treatment
options remain limited. To our knowledge, this is the first
detailed study to associate the phytochemicals of NC in
relation to the genetic pathways and signaling networks
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responsible for pulmonary fibrosis, inflammation, and lung
cancer, with its newly recognized therapeutic potential as a
multi-target drug.

2.0 Materials and Methods

2.1 Identification of Disease-Related Genes
Disease-linked protein-coding genes related to pulmonary
inflammation, pulmonary fibrosis and lung cancer were
downloaded from the GeneCards database
(https://www.genecards.org/). Genes annotated as protein
coding only were considered for downstream analysis to
guarantee functional significance in subsequent pathway
research.

2.2 Identification of Compound-Related Target Genes
Phytoconstituents of NC were chosen through literature
mining, GC-MS profiling (Kumar et al, 2025), and
accessible phytochemical databases- Indian Medicinal
Plants, Phytochemistry and Therapeutics (IMMPAT).
Target genes for the reported compounds were predicted
through the Similarity Ensemble  Approach
(http://sea.bkslab.org). Genes related to human beings were
only considered for downstream analysis.

2.3 Integration and Identification of Common Targets
To identify the therapeutic significance of NC
phytoconstituents in pulmonary diseases, the compound-
related gene set was contrasted with disease-related gene
sets. Overlaps for genes were calculated employing Venny
2.0 (https://bioinfogp.cnb.csic.es/tools/venny).

2.4 Connecting Proteins in PPI Networks

Common protein-coding genes were uploaded to the
STRING database (https:/string-db.org/), and the goal was
to build a protein—protein interaction (PPI) network on-line.
A maximum high-confidence score cutoff of 0.8 was
applied, and nodes without any connections were dropped
to make network organization more informative. The PPI
network was then captured.

2.5 Gene Ontology
Enrichment Analysis

Functional annotation analysis for the target genes in
common was performed in STRING using its internal GO
and KEGG (Kyoto Encyclopedia of Genes and Genomes)
modules. The GO enrichment analysis was performed as a
function of Biological Process (BP). In parallel, a KEGG
enrichment analysis was performed to identify signaling
cascades that were significantly associated with the
common targets within 157. The significance for the
enrichment analyses was defined as FDR adjusted p-value
< 0.05. Connecting Proteins in PPI Networks.

(GO) and KEGG Pathway

2.6 Visualization and Analysis of Hub Genes
The PPI network from STRING was exported as tab-
separated and loaded into Cytoscape v3.10.3 for extensive
visualization and topological analysis. Nodes of the
network were colored and sized based on their degree
values to emphasize highly interacting proteins.

Using the CytoHubba, Cytoscape plugin, was used
inidentifying hub genes. Five centrality was employed i.e,:
Degree, Closeness, Betweenness, Maximal Clique
Centrality (MCC), and Edge Percolated Component (EPC),
to evaluate and order the nodes in the networks. The
highest-ranking five nodes were designated hub genes and
are presumed to be the key regulatory nodes in the
compound therapeutic action of NC on pulmonary ailments.
A sub network of these top five hub genes and their
immediate interacting partners was extracted to enable
convenient visualization of significant interactions. All
figures were saved from Cytoscape in high-resolution
formats.

2.7 Molecular Docking Analysis

The five leading hub genes obtained from CytoHubba were
chosen as molecular targets to be subjected to docking
analysis. Matching three-dimensional protein structures
were downloaded from the Protein Data Bank (PDB-
https://www.rcsb.org/) in PDB format and selected on the
basis of high resolution and completeness. Proteins were
prepared before docking by deleting water molecules,
adding polar hydrogens, and assigning Kollman charges
using Discovery studio. 30 phytocompounds reported for
NC were employed as ligands. The structures of the ligands
were retrieved from the PubChem  database
(https://pubchem.ncbi.nlm.nih.gov/) in 3D SDF format and
converted to PDBQT format using Open Babel Ligand
energy minimization was performed prior to docking.
Molecular docking simulations were carried out on PyRx
0.8, utilizing the Vina engine. Docking was done with an
exhaustiveness value of 8, and grid box size defined to span
the whole active site of all protein targets (Binding site axes
retrieved from PDB through Discovery studio). In each
ligand—protein combination, multiple poses of binding were
generated, and the lowest binding free energy (kcal/mol)
conformation was chosen as the best-binding mode. The
binding affinities of all ligand—protein interactions were
summarized, and the most negative binding energy against
each hub protein was determined as potential key
modulators of pulmonary disease-related pathways.

2.8 Post-Docking Visualization and Interaction Analysis
30 compounds of NC were docked against all the 5 hub
proteins and compounds achieving low docking scores were
chosen for subsequent evaluation. Docked complexes were
viewed and inspected using BIOVIA Discovery Studio
Visualizer 2024 to determine the type of ligand—protein
interaction, i.e., hydrogen bonds, hydrophobic interaction,
van der Waals forces, and m—m stacking. Important
interacting residues in the active sites were overlayed to
estimate the stability and selectivity of compound binding.
To confirm the docking conformations and to demonstrate
three-dimensional interactions, the chosen protein—ligand
complexes were also explored using PyMOL. PyMOL was
utilized to create high-resolution molecular graphics
displaying binding pockets, hydrogen bonding distances,
and ligand orientation within the receptor cavity. The
interaction profiles of each compound with the hub proteins
were contrasted to determine recurring amino acid residues
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and conserved modes of binding. These findings were
utilized to rank lead phytocompounds based on robust and
reproducible binding affinities at multiple hub genes.

2.9 Toxicity Predictor

The toxicity profiles of the top STAT3-binding
phytocompounds were evaluated using the ProTox-3.0 web
server (https://tox.charite.de/protox3/). For each compound
name, it was manually inputted directly to the toxicity
predicting query interface. ProTox-3.0 uses sophisticated
machine learning models as well as molecular similarity-
driven strategies to predict compound toxicity at several
biological endpoints. The following predicted parameters
were calculated: the median lethal dose (LD, mg/kg),
toxicity class (I-VI) according to the Globally Harmonized
System (GHS), as well as toxicity endpoints for selected
effects, including hepatotoxicity, carcinogenicity,
immunotoxicity, mutagenicity, and cytotoxicity. It further
offered estimations for possible toxicity targets as well as
mechanistic routes, allowing for a global in silico
evaluation of the safety as well as drug-likeness of the
compounds. The compound with very low toxicity was
selected for further dynamics study.

2.10 Molecular Dynamics (MD) Simulations

The protein-ligand complex was done based on [6NJS-
STAT3/ Squalene]. PH 7.0 was protonated with PROPKA
and missing residues with MODELLER. amber ff14SB
protein parameters were obtained and ligand parameters
provided by GAFF2 with AM1-BCC charges provided
using Antechamber. The complex was dissolved in a cubic
box full of TIP3P water that expelled 10 A of the solute and
neutralized to 0.15 M NaCl. The steepest descent was
minimized until the force was below 1000 kJmol-1nm-1.
Equilibration was done in systems under the NVT (0.5ns)
and NPT (1ns) ensembles with positional restraints (1000
kJmol-Inm-2 of heavy atoms) under the V-rescale
thermostat (300K) and Parrinello-Rahman barostat (1bar).
The simulation MD Production MD was simulated using a
2-fs timestep, LINCS constraints, PME electrostatics (1.2
nm cutoff) and a Verlet cutoff scheme, and 100 ns of
simulation time. SCHRODINGER tools and MD Analysis
were used to process trajectories and analyze them on a
structural stability scale (Root Mean Square Deviation-
RMSD, Root Mean Square Fluctuation-RMSF), the
properties of the ligands (Radius of Gyration- rGyr, Solvent
Accessible Surface Area-SASA, Polar Surface Area-PSA),
the torsional distributions, hydrogen bonds and protein-
ligand contacts. Three replicates were done working
independently to guarantee reproducibility. Representative
input scripts and parameter files are on request.

3.0 Results and Discussion

3.1 Data mining-based identification of shared
molecular targets among NC and pulmonary diseases
To elucidate the likely molecular mechanisms of the
therapeutic efficacy of NC bioactive compounds on
pulmonary conditions, the data mining approach was
applied to mobilize compound- and disease-associated gene
information. A total of 1043 protein-coding genes for

pulmonary inflammation (PI), 1009 genes for pulmonary
fibrosis (PF), and 20,584 genes for lung cancer (LC) were
retrieved exclusively from the GeneCards database. At the
same time, 821 target genes for the identified
phytocompounds of NC were retrieved from the Similarity
Ensemble Approach (SEA) database and from scientific
literature, using human protein-coding genes only for
ensuring biological and therapeutic significance.

The intersection of these datasets was depicted in the form
of a Venn diagram (Fig 1), revealing 157 common genes
present in NC, PI, PF, and LC that constituted the potential
common molecular targets of NC. These targets in their
functioning have associations with key biological processes
such as inflammation, regulation of oxidative stress,
apoptosis, and cell proliferation, which form the core of the
pathogenesis of pulmonary inflammation, fibrosis, and
carcinogenesis.

These findings align with established links between shared
inflammatory—fibrotic—oncogenic molecular networks and
support the use of common gene signatures to reveal multi-
target plant-based therapeutic mechanisms. The 157
common targets were subsequently used for protein—protein
interaction (PPI) network building in STRING and for
functional enrichment (GO and KEGG) to uncover their

regulatory relevance
PF LC
o N 644

]

|
\

157

Fig 1: Venn Diagram showing intersection of genes between
Pulmonary inflammation (PI), pulmonary Fibrosis (PF),
lung cancer (LC) and N. ciliatus (NC)

3.2 Protein—Protein interaction analysis

The intersection target genes acquired from the interaction
between bioactive molecules of NC and their related genes
to pulmonary diseases were further subjected to the
STRING database to analyze hypothetical PPIs. The PPI
network (Fig. 2A) constituted a densely interconnected
cluster of nodes (proteins) and edges (inferred functional
associations). The higher clustering coefficient and tighter
network connectivity indicated that the unveiled targets are
functionally related and possibly synergistically control cell
processes relevant to inflammation, fibrosis, and
tumorigenesis.

The STRING network that was generated was uploaded to
Cytoscape (v3.9.1), where the nodes were evaluated for
degree, betweenness, and closeness centrality using
CytoHubba. The results indicated STAT3, SRC, JUN,
AKT]I, and ESR1 as the top five hub genes (Fig. 2B). The
hub genes represented the highest number of interactions,
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and because of their interactions with signaling proteins,
they provide a central location in the PPI network and
suggest these genes may be important for signal
transduction and transcription regulation.

These observations correspond well with known roles of
these genes. STAT3 is widely recognized as a pathological
convergence node for chronic inflammation and pulmonary
fibrosis, where chronic IL-6/JAK-driven STAT3 activation
promotes pro-survival and pro-fibrotic transcription
((Tieyuan et al., 2022). JUN functions downstream of
MAPK signals responsive to stress and cytokines, SRC and
AKT]I act as upstream kinases controlling PI3K—Akt and
oxidative stress responses, and ESR1 regulates gene
expression related to immune and fibrotic signaling. Their
identification as hubs therefore places NC compounds at
central signaling intersections relevant to inflammatory and
fibrotic modulation

Fig 2: (A) Protien-Protein interaction network by string
software and (B) Top 5 Hub protiens obtained by cytoscape
(Marked in Shades of Yellow, Red and orange)

3.3 GO and KEGG Enrichment Analysis

The Gene Ontology (GO) enrichment analysis (Fig. 3A) of
the common target genes identified between NC bioactive
compounds and pulmonary disease—associated genes
revealed significant enrichment in biological processes
crucial in inflammation and tissue injury regulation.
Prominent enriched GO terms included response to
oxidative stress, regulation of apoptotic signaling pathways,
cytokine-mediated signaling, and cellular response to
chemical stress. These GO categories collectively point to
the potential roles of the compounds in restoring redox
homeostasis and modulating immune—inflammatory
cascades. The enrichment of oxidative stress—related terms
underscore the phytoconstituents’ possible antioxidant
capacity, which can mitigate reactive oxygen species—
driven epithelial injury.

The KEGG pathway enrichment analysis (Fig. 3B) revealed
enrichment of the common target genes mainly in PI3K—
Akt, MAPK, TNF, and IL-17 signaling pathways, which are
key regulatory centers in the processes of inflammation,
oxidative stress response, and fibrotic remodeling.
Enrichment of the PI3K—Akt pathway hints at cell survival
promotion and apoptosis attenuation, while MAPK cascade
modulation indicates influence over inflammatory gene
expression and stress-activated kinase signaling. Inclusion
of the TNF and IL-17 pathways signifies potential effects
on cytokine-driven inflammation and immune cell

recruitment.
These patterns coincide with known mechanistic
associations between oxidative stress, inflammatory

cytokine signaling, and fibrotic remodeling (Tieyuan et al.,

2022)demonstrating that the enriched targets lie within
hallmark pathways of lung injury. Overall, the GO and
KEGG  enrichment results present that NC
phytoconstituents exert multi-target and multi-pathway
modes of action through oxidative stress regulation,
apoptosis modulation, cytokine signaling, and survival
pathway influence.

3.4 Molecular docking of top-ranked hub protein
STAT3 with phytocompounds of NC

For screening of compound—target interactions predicted
from network pharmacology, molecular docking was
performed using PyRx against the highest scored hub
protein STAT3 (PDB ID: 6NJS), which is key in pulmonary
inflammation through cytokine signaling regulation and
transcription activation. 30 phytocompounds of NC were
screened, and the top 5 best binding affinity compounds
(Min et al, 2019)B-amyrin, lupeol, campesterol,
stigmasterol, and squalene were selected for interaction
analyses.

The findings revealed that all compounds had stable
binding affinities ranging from —6.4 to —7.6 kcal/mol,
reflecting moderate to strong interactions with the STAT3
active site. Lupeol had the highest binding affinity (—7.6
kcal/mol), forming hydrophobic interactions with ALAS505,
ILES22, LEUS25, VALS537, and TRP501. B-amyrin showed
—7.4 kcal/mol with interactions involving ALA250,
CYS251, and ARG325. Campesterol and stigmasterol
showed —7.2 and —7.0 kcal/mol, respectively, forming alkyl
interactions with ALA250, CYS251, ARG325, and
PRO336. Squalene had —6.4 kcal/mol with hydrophobic
contacts involving LYS370, LEU438, LYS488, VAL490,
and HIS457 (Fig 4)

These docking patterns agree with earlier work reporting
that lupeol inhibits EGFR/STAT3 phosphorylation, nuclear
translocation, and downstream transcriptional activation in
lung cancer cells, suppressing proliferation (Min et al.,
2019). The overlapping hydrophobic pockets occupied by
phytoconstituents around STAT3’s catalytic domain suggest
potential inhibition of STAT3 activation by stabilizing its
inactive state, consistent with the pathological significance
of STAT3 in pulmonary fibrosis and inflammation (Gao et
al., 2022; Pedroza et al., 2016)

3.5 Toxicity analysis

The bioactivity radar plot of lupeol indicated strong
predicted interactions with metabolic enzymes (CYP1A2,
CYP2C19, CYP3A4) and with adrenergic, dopaminergic,
and serotonergic receptors. Toxicity prediction of Class IV
(LD50~ 1000 mg/kg) confirmed low acute oral toxicity and
favorable safety. B-Amyrin showed similar broad
interactions with CYP450 isoforms and nuclear hormone
receptor signaling, along with Class IV toxicity
classification. Campesterol exhibited strong predicted
activity toward CYP1A2, CYP2D6, and CYP3A4 but
showed medium toxicity (ClassIIl; LD50 = 500mg/kg) and
mutagenic or cytotoxic alerts. Stigmasterol displayed
moderate interactions and Class IV toxicity, indicating
tolerability. Squalene demonstrated the broadest bioactivity
profile with predicted interactions across multiple receptor
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families and CYP enzymes, accompanied by very low
toxicity (Class V; LD50 > 2000 mg/kg) and no mutagenic
or carcinogenic alerts (Fig 5).

These toxicity and ADME characteristics agree with
existing reports describing similar anti-inflammatory,
antioxidant, hepatoprotective, and metabolic profiles for
Lupeol (Banu, 2024) , f-amyrin (Tzouvelekis et al., 2019),
campesterol and sterol derivatives (Sanders et al., 2000),
and squalene (Relas et al., 2001). Overall, squalene, [-
amyrin, and lupeol emerge as promising lead candidates for
pharmacological development. However, due to its less
toxicity (Toxicity level- V) and high pharmacological
relevance squalene was selected for further Molecular
simulation dynamics with top HUB protein-STAT3
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Fig 3: GO and KEGG enrichment of common target genes
between NC compounds and pulmonary diseases. (A) GO-
BP bubble plot showing enrichment in oxidative stress,
cytokine signaling, and apoptosis. (B) KEGG bubble plot
highlighting PI3K—Akt, MAPK, TNF, and IL-17 pathways.
Bubble size reflects gene count; color shows FDR
significance in TNF, and IL-17 pathways

Ll

Fig 4: 3D and 2D interaction view of Stat-3 Protein with
ligands (A) Lupeol (B) B-amyrin (C) Campesterol (D)
Stigmasterol (E) Squalene

Toxic doses are often given as LD50 values in mg/kg body weight.
The LD50 is the median lethal dose meaning the dose at which 50%
of test subjects die upon exposure to a compound.

Toxicity classes are defined according to the globally harmonized
system of classification of labelling of chemicals (GHS). LD50 values
are given in [mg/kg]:

Class I: fatal if swallowed (LD50 < 5)

Class II: fatal if swallowed (5 < LD50 < 50)

Class IlI: toxic if swallowed (50 < LD50 < 300)

Class IV: harmful if swallowed (300 < LD50 < 2000)

Class V: may be harmful if swallowed (2000 < LD50 < 5000)
Class VI: non-toxic (LD50 > 5000)

Fig 5: Toxicity report and Toxicity radar report of top five
compounds based on binding affinity (A) Lupeol (B) B-
amyrin (C) Campesterol (D) Stigmasterol (E) Squalene
3.6 Ligand Properties during MD Simulation
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The ligand (Squalene) RMSD was not found to drift
continuously but instead had moderate variations in which
the binding orientation of the ligand in the protein (STAT3)
active site remained constant, with local changes
presumably found in an aqueous and flexible environment
(Fig. 6). This is an expected behavior of well-retained
ligands in MD simulations, where positional changes are
indicative of adaptive binding and not destabilization
(Durrant & McCammon, 2011) . The radius of gyration
(rGyr) did not change significantly with time, indicating
that the ligand did not unfold or experience a significant
conformational collapse. A consistent rGyr value is
normally an indication that the internal geometry of the
ligand is structurally stable in dynamic conditions (Karplus
& McCammo, 2002). There was no evidence of
intramolecular hydrogen bonds during the simulation
process, meaning that the ligand is not using internal
hydrogen bonding networks to stabilize its conformation.
Rather, its stability would probably be due to its interaction
with the neighboring protein residues or solvent. The
MOolSA and SASA values were slightly dynamic, which is
typical of the normal solvent exposure dynamics as the
ligand scouts the microstates inside the binding pocket. This
is consistent with what ligands are expected to do in
partially buried binding sites, in which they are periodically
exposed to solvent as local rearrangements take place
(Cournia et al., 2020). The PSA was also held constantly
during the simulation that the polar distribution of regions
did not change significantly with time. Constant PSA values
are typically associated with constant hydrogen-bonding
potential, and this allows one to interpret that the ligand did
not experience significant conformational re-orientation but
instead, it was structurally intact (Ertl et al., 2000).

RMSD (4)

Gyr ()

No-lnt: lecular HBe D o

intraHB.

MolSA (42)

SASA (A7)

PSA(4?)

0 20 a0 60 80 100
Time (nsec)

Fig 6: The time-evolution and distribution of key ligand
properties over a 100-ns MD simulation, including RMSD,
radius of gyration, molecular surface area (MolSA), solvent
accessible surface area (SASA), and polar surface area
(PSA)

3.7 Root Mean Square RMSD Analysis

The protein RMSD showed an early rise at the initial period
of about 10-15 ns that represent the equilibration process
where the system assumed the starting conformation. The
protein stabilized at RMSD values of 3.0 to 4.0 A after this
stage (Fig 7A), which meant that the protein had a stable
overall fold with moderate, anticipated variations
commonly seen in solvated biomolecular simulations

(Hollingsworth & Dror, 2018). Though there were small
transient spikes, no long-term drift was seen, indicating that
the protein reached a dynamic equilibrium without
experiencing large scale conformational rearrangements.
Likewise, the ligand RMSD displayed an initial
readjustment of the position and stabilization with a range
of 5.5 to 7.0 A. Although they are larger than the protein
RMSD,

they are comparable to the ligands with internal flexibility
or with multiple microstates in case RMSD

is measured after the complex has been aligned to the
protein backbone (Durrant & McCammon, 2011). Notably,
the ligand RMSD did not experience continuous growth
throughout the simulation, and the ligand was retained in
the pocket and only experienced local positional changes or
rotational freedom and not unbinding events. The finding of
no significant drift implies a constant binding interaction
over the course of the simulation which is also consistent
with behavior during well-retained ligands in MD
simulations (Cournia et al., 2020).

3.8 RMSF analysis

The RMSF profile showed that the N-terminal region
(residues 1-50) has a very sharp fluctuation, with values
greater than 6.0 A (Fig 7B), which is very likely to be a
highly flexible or partially disordered region of protein
termini because of the lack of secondary structure and
extensive solvent exposure (Henzler-Wildman & Kern,
2007). There were moderate changes in residues 50-200
(0.8-1.5 A), which is in agreement with more organized
secondary structures like a-helices and b-strands. Flexible
loop regions are localized peaks in this segment and often
are more mobile than the protein core. The maxima of the
fluctuations (0.6-1.2 A) were the lowest, and it was
observed in the central region (residues 200-450), which
indicates a well-packed and structurally stable domain,
which is the core architecture of the protein as expected of
globular proteins where interior residues are constrained by
large numbers of non-covalent interactions (Bhattacharyya
et al., 2015; Janin et al., 2008; Vishveshwara et al., 2009).
At the C-terminal end (residues 450-520), there was again
an increase in fluctuations to around 3-4 A, which is
indicative of terminal flexibility as at the N-terminus. It is
interesting to note that residues pointed out in the RMSF
plot, which presumably are functional or ligand-binding
residues, exhibited moderate yet controlled flexibility,
which can be used to support the idea that functional sites
typically demand adaptive movement to enable ligand
identification, binding, and conformational adjustment
(Frauenfelder et al., 2001). Flexibility of the protein is
distributed in such a way that there is a dynamic structure
with a rigid structural core and flexible strategic termini and
loop motifs. This kind of compromise in rigidity and local
mobility is typical of proteins that experience minor
changes in conformation in response to ligand binding or
catalytic activity (Henzler-Wildman & Kern, 2007).
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Fig 7: (A) Time-dependent RMSD profiles of the protein
backbone and ligand (ligand fitted on protein) over a 100-
ns MD simulation. (B) RMSF plot of Ca atoms across all
residues, highlighting flexible loop regions (shaded) and
relatively stable secondary-structure segments

3.9 Ligand Torsional Stability Test (100 ns MD)

The distributions of torsion angles in the form of combined
polar scatter plots and histogram profiles indicate that most
of the rotatable bonds sampled well-defined conformational
regions throughout the 100 ns MD trajectory (Fig. 9).
Several torsions exhibit unimodal distributions closely
concentrated  around  preferred angular  values
(approximately +60°, £90°, and 180°), whereas others
display bimodal or trimodal profiles, reflecting reversible
transitions between energetically favored conformers. This
behavior is typical of ligands that maintain a predominantly
static bound conformation within a protein binding pocket
while retaining limited internal flexibility necessary for
adaptive interactions (Mobley & Dill, 2009).

The histograms of selected torsions show narrow peaks
centered around specific dihedral angles, suggesting
restricted rotational freedom imposed by steric constraints,
intramolecular stabilization, or persistent protein—ligand
contacts. These constrained torsional motions likely arise
from substituent groups forming stable interactions with
key binding-site residues, thereby stabilizing the ligand in a
low-energy binding pose (Bissantz et al, 2010).
Conversely, torsions characterized by broader or
multimodal distributions indicate controlled
conformational sampling, corresponding to microstate
transitions within energetically accessible rotameric wells.
Such low-energy rotations about single bonds are consistent
with dynamic adaptability of the ligand inside the binding
pocket and contribute favorably to enthalpic and entropic
components of binding (Limongelli, 2020).

The polar scatter plots further demonstrate that torsional
sampling is not uniformly distributed but instead clustered
within energetically favorable regions of the rotameric
potential energy surface. Importantly, no torsion exhibits
excessively broad or random distributions spanning the full
—180° to +180° range, indicating the absence of high-
energy or non-physical conformations during the 100 ns
simulation. This alignment between sampled conformations
and expected torsional energetics suggests that the ligand
remains structurally stable, maintaining its overall topology
while sampling energetically favorable conformational
microstates conducive to productive protein—ligand
recognition (Cournia et al., 2020)
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Fig. 8: Ligand Torsional Angle Distribution During MD
Simulation.

Polar scatter plots and corresponding histogram
distributions of ligand rotatable bonds obtained from
Desmond MD simulation. The clustering of torsion angles
around specific values indicates energetically favorable
conformations and restricted rotational freedom within the
binding pocket, reflecting stable ligand accommodation
throughout the trajectory.

3.10 Protein-Ligand Contact Histogram Analysis
Several residues showed significantly large interaction
fractions, which suggest that contacts were persistent and
repeated, and that these contacts play a role in keeping the
binding affinity (Fig. 9). One of them, the interaction
frequency of PRO336 was the highest, which indicates that
the protein takes a central position in anchoring the ligand,
which could be achieved through hydrophobic packing due
to proline-rich

microenvironment constraints of conformational freedom
and tight ligand-binding (Kool et al., 2011; Tuffery &
Derreumaux, 2012). Other residues which had a significant
number of interactions were ALA250,

PRO256, ILE258, TRP474 and ILE569, which play a role
by providing nonpolar contacts that stabilize the
hydrophobic core of the binding pocket. The high contact
energies of hydrophobic residues are also in line with the
dominant van der Waals and dispersion forces in ligand
binding, especially in deep or partially blocked binding
pockets in which solvent exclusion exaggerates the forces
(Bissantz et al., 2010). Weaker binding with such residues
as CYS251, LEU260, CYS328, and LEU459 also confirm
that the ligand undergoes both peripheral and core
interactions, which confirms a multi-residue binding mode,
not a single dominant hotspot binding mode. The presence

IJDDT, Volume 16 Issue 2s, 2026

Page: 904



Assessing The Impact Of Sustainable Agricultural Practices On Soil Health And Crop Productivity In Changing Climatic Conditions..

of tryptophan residues (TRP243, TRP474) in the interacting
residues is indicative that there is a further stabilization by
the p-p or p-alkyl interactions, which are typically involved
in the enhancement of the affinity of the ligand and the
control of the orientation (Dougherty, 2013). The general
pattern of contacts with hydrophobic and aromatic residues
predominant indicates that the ligand binds by nonpolar
interactions, which is a typical property of ligands presented
by internal or transmembrane-like binding loops where a
nonpolar complementarity is used to recognize ligands
(Jakowiecki et al., 2020; H.-X. Zhou & Pang, 2018)).
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Fig 9: Interaction Fraction of Key Protein Residues with the
Ligand. The bar plot illustrates the fraction of simulation
time during which specific protein residues formed
interactions with the ligand. Higher interaction fractions
(e.g., PRO336, TRP474, ALA250) indicate residues that
contribute most consistently to ligand binding stability
throughout the MD trajectory

3.11 Protein—Ligand Contact Timeline Analysis

The overall contact trace indicated that there were
oscillations between one and six simultaneous contacts, no
significant dissociation intervals, and exhibited sustained
ligand contact and well-maintained binding orientation
throughout the trace. Contact mapping based on residue
revealed the prevalence of hydrophobic and aromatic
residues, especially PRO336, ILE258, LEU260, PRO256
and TRP474 that showed many interaction events scattered
around the entire period of the simulation (Fig. 10). This
high frequency of contact between proline residues and
leucine residues indicates that hydrophobic packing and
steric complementarity are significant factors in ligand
stabilization and such interactions have been previously
recognized as important forces in stabilization of drug-
receptor complexes (Bissantz et al., 2010). The continuity
of TRP243 and TRP474 further suggests stabilization due
to 7- stacking or m -alkyl interactions, which are known to
substantially increase the binding affinity and orientational
specificity of hydrophobic cavities (Dougherty, 2013).
Interestingly, the residues like CYS251, CYS328, PRO330,
and LEU459 were intermittent, yet repeated in nature, and
they are involved in a multi-residue binding mechanism
whereby the core and the peripheral interactions are
necessary to ensure overall stability. The heterogeneity of
the contact intensities, such as single and transient contacts,
and broader regions of high-frequency contacts, indicates a
flexible binding mode that provides local flexibility and
maintains global stability. This is common with ligands that
are bound in well-organized hydrophobic pockets, where
non-disruptive but dynamic micro-motions further optimize
enthalpic and entropic binding energy (Kool et al., 2011;
Tuffery & Derreumaux, 2012). The lack of all the

interacting residues to be in contact-free regions supports
that the ligand is deeply entrenched in the binding pocket
and this results support stability trends found in the RMSD
and RMSF analyses. In general, the PL contact timeline
shows that the ligand has a strong and stable network of
interactions during the simulation, which suggests a stable
and energetically advantageous binding scheme
(Jakowiecki et al., 2020; H.-X. Zhou & Pang, 2018).
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Fig 10: Protein—Ligand Contact Timeline During MD
Simulation. The figure shows the total number of proteins—
ligand contacts over the 100-ns MD simulation (top panel)
and the time-resolved contact map for individual interacting
residues (bottom panel). The color intensity represents the
number of contacts formed at each time point, highlighting
residues that maintain frequent or persistent interactions
with the ligand throughout the trajectory

4.0 Conclusion

This study combined data mining, network pharmacology,
molecular docking, toxicity prediction, and MD simulation
to determine the therapeutic potential of N.ciliatus
phytocompounds against pulmonary inflammation,
fibrosis, and lung cancer. In all, 157 common targets were
found, of which STAT3, SRC, JUN, AKT1, and ESR1 were
the major regulatory hubs. Squalene, lupeol, and f-amyrin
are promising candidates according to in silico docking and
ADME-toxicity analyses, given their demonstrated high
binding affinity and superior safety profile. From among
these, squalene had been selected with the highest
pharmacological relevance for MD simulation based on its
well-established  anti-inflammatory and antioxidant
activities, high biological demand, and low predicted
toxicity in Class V. MD results confirmed stable binding,
with a consistent ligand conformation and sustained
interactions with key residues, supporting its suitability as
a potential lead molecule. Overall, the findings
mechanistically support the therapeutic promise of N.
ciliatus phytoconstituents and establish squalene as a strong
candidate for further experimental validation in pulmonary
disease models
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