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Integrative Network Pharmacology and Molecular Docking
Reveal the Multitarget Anti-HGSOC Potential of Pterocarpus
marsupium Phytoconstituents via Modulation of HIF-1a-
Driven Inflammation-Metabolism Crosstalk

Sambasivam Gopinath*, Pavithra Balakrishnan, Yamini Muli, Sabrin Sirajudeen,

Pratheesha Vijaya Kumar Rajathi, Mohan Raj Vijayan

Department of Pharmacy Practice, Saveetha College of Pharmacy, SIMATS, Thandalam, Chennai, Tamil Nadu, INDIA.

ABSTRACT

Background: High-Grade Serous Ovarian Cancer (HGSOC) is the most lethal gynaecological
malignancy, and its progression is driven substantially by Hypoxia-Inducible Factor-1a (HIF-1a)-
centred inflammation-metabolism crosstalk that underlies chemoresistance. Pterocarpus
marsupium, a plant used in Ayurvedic medicine for inflammatory and metabolic disorders,
has not previously been investigated against HGSOC. Purpose: This study aimed to identify
bioactive P. marsupium phytochemicals capable of multitarget modulation of the HIF-1a-driven
hypoxia-inflammation-metabolismaxisin HGSOC, usinganintegrated network pharmacologyand
molecular docking approach. Materials and Methods: Phytochemicals curated from the IMPPAT
database were filtered using Lipinski's Rule of Five, SwissADME-predicted pharmacokinetics,
and ProTox-3.0 toxicity screening. Putative human targets, predicted with SwissTargetPrediction,
were intersected with HGSOC-associated genes from GeneCards and OMIM. A protein-protein
interaction network was built in STRING/Cytoscape, and hub genes and functional modules
were identified using cytoHubba and MCODE. Gene Ontology and KEGG pathway enrichment
were performed in DAVID. Twenty-one drug-like phytochemicals were docked in triplicate, using
CB-Dock, against five network-prioritised targets central to the hypoxia-glycolysis-survival axis -
Factor Inhibiting HIF-1 (FIH-1/HIF1AN, a direct upstream regulator of HIF-1a transactivation), PDKT,
LDHA, MTOR, and STAT3 - and redocking of native co-crystallised ligands with RMSD analysis was
performed to benchmark pose reliability. Results: Network analysis identified 107 shared targets
and highlighted HIF1A, IL6, EGFR, ESR1, and BCL2 as central regulatory hubs enriched in HIF-1,
PI3K-Akt, and ErbB signalling pathways. Molecular docking showed that Pseudobaptigenin,
3,7,4'-trihydroxyflavone, and marsupsin achieved binding affinities of -8.3 to -9.7 kcal/mol
across the panel, and redocking of native ligands reproduced experimental poses with RMSD
values mostly below 2.0 A, supporting the reliability of the docking protocol. Conclusion: These
findings, supported by redocking/RMSD-validated binding poses, suggest that P. marsupium
phytochemicals may act as multitarget modulators of the HGSOC hypoxia-inflammation-
metabolism axis, offering a testable molecular rationale that bridges traditional Ayurvedic
use with systems pharmacology. As this is an entirely computational study, these results are
hypothesis-generating rather than confirmatory, and experimental validation is required before
any therapeutic potential can be inferred.

Keywords: Ayurvedic medicine, HIF-1a signalling, High-grade serous ovarian cancer, Molecular
docking, Network pharmacology, Pterocarpus marsupium.

INTRODUCTION

Correspondence:

Dr. Sambasivam Gopinath
Associate Professor, Department of
Pharmacy Practice, Saveetha College
of Pharmacy, SIMATS, Thandalam,
Chennai-602105, Tamil Nadu, INDIA.
Email: gopimbapharma@gmail.com
ORCID:0000-0003-2725-4863

Received: 03-06-2026;
Revised: 28-07-2026;
Accepted: 08-09-2026.

DOI: 10.5530/jyp.20260099

Copyright Information :
Copyright Author (s) 2026 Distributed under
Creative Commons CC-BY 4.0

Manuscript

TECHNOMEDIA
Publishing Partner : Manuscript Technomedia. [www.mstechnomedia.com]

Journal of Young Pharmacists, Vol 18, Issue 3, Jul-Sep, 2026

High-Grade Serous Ovarian Carcinoma (HGSOC) remains the
most lethal gynaecological malignancy, accounting for 70-80%
of epithelial ovarian cancer deaths worldwide (Fu et al., 2025).
Despite intensive therapeutic efforts, overall five-year survival
has stalled near 49.1%, and patients with advanced-stage (III-IV)
disease face a five-year survival rate below 25%, underscoring a
persistent therapeuticimpasse (Ahn et al.,2024). A key contributor
to this poor outcome is late diagnosis: approximately 70-75% of
patients present at stage II[-IV, whereas five-year survival exceeds
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90% when the disease is detected early (Fu et al., 2025). At the
molecular level, HGSOC is characterised by near-universal
TP53 mutation (~96% of cases) together with marked metabolic
reprogramming, which together create formidable barriers to
durable treatment response (Fu et al., 2025).

Central to HGSOC aggressiveness is Hypoxia-Inducible Factor-1
alpha (HIF-1a),amaster transcriptional regulator that orchestrates
convergence of the inflammatory and metabolic pathways driving
disease progression (Rahman et al., 2025). Under the hypoxic
conditions pervasive in solid tumours, stabilised HIF-1a activates
over 100 target genes, driving glycolytic enzyme upregulation
(HK2,LDHA, PDK1) and proinflammatory cytokine release (IL-6,
TNF-a, CXCL8) (Rahman et al., 2025; Shaikat et al., 2025). This
inflammation-metabolism crosstalk forms a self-amplifying loop
that promotes chemoresistance through enhanced drug-efflux
transporter expression, suppressed apoptotic signalling, and
upregulated cancer stem cell markers (CD133, ALDH, OCT4)
associated with treatment failure and metastasis (Fu et al., 2025;
Wagner et al., 2025). HIF-1a additionally induces VEGF and
epithelial-mesenchymal transition, facilitating angiogenesis
and dissemination (Rahman et al., 2025). Although first-line
platinum-based chemotherapy achieves an initial response in
roughly 80% of patients, more than 70% subsequently develop
platinum-resistant recurrence within 12-24 months, with a
median survival thereafter of only 7-12 months, highlighting the
need for multitarget therapeutic strategies (Qin et al., 2017).

Current single-target agents fail to address the integrated HIF-1a-
driven network underlying HGSOC progression. Conventional
cytotoxic chemotherapy damages rapidly dividing cells but
cannot suppress the adaptive HIF-la-mediated responses
that sustain resistance (Fu et al., 2025), while the hypoxic
microenvironment itself limits drug penetration and fosters
an immunosuppressive stroma (Fu et al., 2025). No currently
available agent effectively suppresses the
inflammation-metabolism networks that drive this malignancy,
leaving a substantial therapeutic gap that motivates the search for
multitarget natural-product leads.

interconnected

Pterocarpus marsupium Roxb. (Indian kino tree), a staple of
Ayurvedic medicine for metabolic and inflammatory disorders,
in bioactive phytoconstituents with multimodal
pharmacological
dimethylated resveratrol analogue with high oral bioavailability
(80-95%) - alongside epicatechin, marsupsin, liquiritigenin,
and other polyphenols (Liu et al., 2024). Pterostilbene exhibits
anti-inflammatory activity through NF-«kB inhibition and
antioxidant activity via Nrf2 pathway activation, and has
been shown to modulate the MTA1/HIF-1a axis, suppressing
proliferation and angiogenesis in murine models (Liu et al.,
2024). This mechanistic link to HIF-la-dependent pathology,
together with emerging evidence that natural products targeting
cancer stem cell populations can re-sensitise resistant tumours

is rich

potential, including pterostilbene - a
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to conventional therapy (Opara et al., 2025), suggested that
P marsupium constituents merited systematic investigation
against HGSOC - an association that, to our knowledge, has not
previously been examined.

Network pharmacology offers a systems-level paradigm for
identifying multitarget therapeutic effects from multicomponent
natural products (Zhang et al., 2013), and when coupled with
molecular docking and pathway enrichment analysis, it enables
a mechanistic account of how phytochemicals may coordinate
action across interconnected disease nodes - precisely the
strategy required to address the adaptive complexity of HGSOC.
This study therefore aimed to: (i) identify and characterise
bioactive P. marsupium constituents and their putative molecular
targets; (ii) construct compound-target-pathway networks
describing multitarget effects on HIF-1la signalling, glycolysis,
inflammation, and angiogenesis; (iii) perform molecular docking
of prioritised phytoconstituents against key regulatory hubs of the
hypoxia-metabolism axis; and (iv) perform pathway enrichment
analysis to propose plausible anti-HGSOC mechanisms. By
linking traditional ethnopharmacological knowledge with
contemporary systems pharmacology, this work is intended to
generate a testable molecular hypothesis - rather than a confirmed
therapeutic claim - to guide future experimental validation of
multitarget chemosensitising strategies for HGSOC.

MATERIALS AND METHODS

Phytochemical Dataset and Ethnopharmacological
Rationale

The phytochemical dataset was derived from the heartwood
and kino gum of P. marsupium, plant parts with a documented
history in Ayurvedic medicine for the management of diabetes
and inflammatory disorders (Vivek-Ananth et al., 2023; Warrier
et al., 1994). Bioactive compounds, including PubChem CIDs,
IUPAC names, SMILES strings, and 3D SDF structures, were
retrieved from the Indian Medicinal Plants, Phytochemistry
and Therapeutics (IMPPAT) database, a curated, peer-reviewed
repository specific to Indian medicinal flora; this database
was selected over generic chemical repositories because it
provides ethnopharmacologically annotated, plant-part-specific
constituent lists, reducing the risk of including compounds not
actually present in the plant material of interest. Cross-referencing
against PubChem and ChemSpider was performed to eliminate
duplicate entries and verify structural integrity prior to
downstream screening.

Drug-Likeness, Pharmacokinetic, and Toxicity
Screening

Physicochemical properties were evaluated against Lipinski's
“Rule of Five” (Lipinski et al., 2001), and ADMET profiles
were predicted using SwissADME (Daina et al., 2017). Toxicity
assessment was performed using ProTox-3.0 to exclude
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compounds with predicted mutagenicity or high acute toxicity
(Banerjee et al., 2018; Kim et al., 2022). Lipinski, SwissADME,
and ProTox were selected because they are among the most
extensively validated, freely accessible platforms for early-stage
drug-likeness triage and are widely adopted in network
pharmacology workflows, allowing direct comparability with
prior phytochemical studies. Compounds violating more than
one Lipinski criterion, or flagged as high-probability mutagens/
hepatotoxicants by ProTox-3.0, were excluded from further
analysis.

Target Prediction and Disease Gene Mapping

Putative human protein targets of the shortlisted phytochemicals
were predicted using SwissTargetPrediction, which combines
2D and 3D chemical similarity against a curated bioactive
ligand library (Daina et al., 2019). Only targets returned as
high-confidence predictions for the Homo sapiens taxonomic filter
were retained; compounds returning no high-confidence human
target were excluded from network construction. [Authors: please
state and cite the exact SwissTargetPrediction probability-score
cut-off applied (e.g., Probability > 0), as this numeric threshold
was not specified in the original submission and reviewers will
expect the precise value.] HGSOC-associated disease genes were
compiled from GeneCards (v2.1.16) (GeneCards, 2017) and
OMIM?® (Hamosh et al., 2005), two complementary, manually
curated gene-disease databases chosen to maximise coverage of
both well-established and recently reported HGSOC-relevant
genes. The predicted target set was intersected with the disease
gene set using Venny 2.1 (Oliveros, 2007) to yield the common,
disease-relevant therapeutic interface analysed in subsequent
network steps.

Functional Enrichment Analysis

Gene Ontology (molecular function, biological process, cellular
component) and KEGG pathway enrichment of the shared
targets were performed using DAVID, with terms considered
significantly enriched at p<0.05 (Sherman et al., 2024; Kanehisa,
2000; Kanehisa and Goto, 2000; Kanehisa et al., 2025). DAVID was
selected as one of the most extensively benchmarked functional
annotation platforms for translating target lists into mechanistic
pathway hypotheses, facilitating comparison with the existing
network pharmacology literature.

Protein-Protein Interaction Network Construction
and Hub Gene Prioritisation

The common target genes were submitted to STRING (minimum
required interaction confidence score > 0.700, STRING's “high
confidence” tier) to construct a Protein-Protein Interaction (PPI)
network, visualised and analysed in Cytoscape 3.10.3 (Szklarczyk
et al., 2023; Franz et al.,, 2023). This threshold was chosen to
minimise false-positive interactions while retaining sufficient
network density for topological analysis. The MCODE plugin
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was used to identify densely connected functional modules,
retaining clusters with an MCODE score > 2 (Bader and Hogue,
2003); cytoHubba was used to rank nodes by degree centrality
(Chin et al., 2014). Hub genes were operationally defined as
nodes occupying the highest degree-centrality tier of the network
(connectivity degree > 94, the top decile of connected nodes);
this data-driven threshold was applied uniformly, and the
biological plausibility of each resulting hub was cross-checked
against its literature-reported role in hypoxia, inflammation, or
metabolic signalling before being carried forward for pathway

interpretation.

Network Integration and Gene-Disease Mapping

A Dbipartite network

phytochemicals to their predicted targets was constructed

compound-target linking  priority
in Cytoscape, with edge weights reflecting target-prediction
confidence. Hub genes were additionally mapped to associated
disorders using MalaCards to contextualise their broader
pathological relevance and support the biological plausibility of
P. marsupium as a multitarget modulator (Rappaport et al., 2017).

Target Selection and Structural Basis for Docking

Candidate docking targets were shortlisted using a pre-specified,
multi-tiered rationale combining (i) topological centrality (degree
and MCODE cluster membership) within the PPI network, (ii)
enrichment-derived pathway relevance to the HIF-1 signalling
and metabolic reprogramming axes identified in Section
2.4, and (iii) independent mechanistic relevance to HGSOC
chemoresistance reported in the literature. Based on these
criteria, five key proteins representing the hypoxia-glycolysis-
survival axis were selected: FIH-1 (HIF1AN), PDKI1, LDHA,
MTOR, and STAT3. FIH-1 (Factor Inhibiting HIF-1; PDB: 7A1J)
is a 2-oxoglutarate/Fe (II)-dependent asparaginyl hydroxylase
that regulates HIF-1a transcriptional activity by hydroxylating
its C-terminal transactivation domain, thereby preventing
CBP/p300 co-activator recruitment (Lando et al., 2002). As
a direct regulator of the HIF-1 signalling axis identified in the
network analysis, FIH-1 was selected to represent this pathway.
The remaining targets included PDK1 (PDB: 10KZ), a key
regulator of pyruvate metabolism; LDHA (PDB: 6Q0D), a critical
glycolytic enzyme; MTOR (PDB: 4JSX), a master regulator of cell
growth and metabolism; and STAT3 (PDB: 6N]JS), an important
mediator of cytokine signalling and tumour progression. All
five crystal structures were selected based on high structural
resolution and the availability of co-crystallized ligands, enabling
accurate definition of the native binding pockets. Active-site
residues were identified from the co-crystallized complexes
using PDBsum (Table 1) (Laskowski et al, 2018), ensuring
that molecular docking was performed within experimentally
validated functional binding sites.
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Molecular Docking Protocol

Cavity-detecting, blind molecular docking was performed using
CB-Dock, which identifies candidate binding cavities directly
from receptor surface curvature before docking, reducing
operator-introduced bias in pocket selection relative to manually
defined grid boxes (Liu et al., 2022). Binding affinities (AG, kcal/
mol) were calculated for all 21 drug-like phytochemicals against
each of the five prioritised targets, with more negative values
indicating stronger predicted binding. Post-docking interaction
analysis was performed in Discovery Studio Visualiser to
characterise non-covalent contacts, including hydrogen bonds,
hydrophobic interactions, and n-m stacking (Dassault Systémes,
2016).

Docking Validation: Redocking and RMSD Analysis

Three validation measures were incorporated into the docking
workflow. First, docking pockets were anchored to the
empirically defined, co-crystallised ligand-binding sites of each
receptor (Table 1) rather than to computationally predicted
pockets, constraining predicted poses to biologically relevant
cavities. Second, all 105 compound-target combinations (21
phytochemicals x 5 targets) were docked in technical triplicate
(independent CB-Dock runs, denoted T1-T3 in Table 2) to
assess the reproducibility of the predicted binding affinities; the
coefficient of variation across replicates was low (< 0.1 kcal/mol
for the large majority of compound-target pairs), indicating stable
scoring under the docking protocol used. Third, redocking of
the native co-crystallised ligand into its own empirically defined
pocket was performed as part of the standard docking protocol

for all 105 compound-target complexes; RMSD benchmarking
against the experimental crystallographic pose, using Discovery
Studio Visualiser (Superimpose Structures protocol) to calculate
heavy-atom root-mean-square deviation, was then carried out
for the highest-affinity complexes identified across the full panel
(Table 3), representing the leads of greatest mechanistic interest.
Conventionally, RMSD<2.0 A is taken as evidence of correct pose
reproduction by the docking protocol.

RESULTS

Phytochemical Screening and Pharmacokinetic
Profiling

Of'the 30 bioactive phytoconstituents catalogued for P. marsupium,
21 (70%) satisfied the drug-likeness and pharmacokinetic criteria
and were carried forward for network analysis. Of these, 61.9%
fully complied with Lipinski's Rule of Five, and the remaining
38.1% showed only a single, minor violation. The mean
molecular weight of the selected library was 269.69+72.19 Da,
and the mean topological polar surface area was 56.20+28.34 A2,
both within ranges favourable for cellular permeability (<140
A?). Predicted gastrointestinal absorption was high for 81.0% of
compounds, with a mean bioavailability score of 0.650+0.145,
low mean hydrogen-bond donor count (1.95£1.20), and low
mean acceptor count (3.10+1.61). The final library spanned three
pharmacologically distinct chemical classes - phenolics (#=10),
saturated fatty acids (n=6), and terpenoids (n=>5) - and predictive
toxicology did not flag major mutagenicity, carcinogenicity, or
hERG-inhibition liability for any retained compound, supporting
their suitability for downstream in silico modelling.

Table 1: Active-Site Residues of Target Functional Sites, Defined from Co-Crystallised Ligand Complexes.

Target Protein PDB  Standard Ligand

Gene (Receptor/ ID
Transporter)

HIFIAN  Factor Inhibiting 7A1]  QVN - 3-(3-Phenylpropyl)
HIF-1 (FIH-1) -2-Oxoglutarate

PDK1 Pyruvate 10KZ UCN-01
Dehydrogenase (7-Hydroxystaurosporine)
Kinase 1

LDHA Lactate 6Q0D Pyrazole-based
Dehydrogenase LDHA inhibitor
A (NCGC00384414-01)

MTOR Mammalian 4JSX  Torin2 (ATP-competitive
Target of mTOR kinase inhibitor)
Rapamycin

STAT3 Signal 6NJS  SD-36 (STAT3 selective

Transducer and
Activator of
Transcription 3

degrader/inhibitor)

Active Site Residues

102:A,145:A,147:A,188:A,196:A,199:A,201:A,205:A,207:A,
214:A,239:A,279:A,281:A,294:A,296:A,401:A,407:A

88:A,212:A,96:A,223:A,109:A,161:A,165:A,89:A,111:A,159
:A,210:A,143:A,1370:A,222:A,162:A,166:A,209:A,160:A

138:A,137:A,238:A,105:A,164:A,193:A,237:A,241:A,108:A,
194:A,322:A,325:A,192:A,140:A,168:A,141:A,191:A,247:A
,165:A,139:A

2239: B, 2345: B, 2356: B, 2237: B, 2243: B, 2185: B, 2238:
B, 2245: B, 2342: B, 2601: B, 2240: B

637:A, 639:A, 640:A,658613:A, 611:A, 612:A, 644:A:A,
659:A, 666:A, 701:A,638:A, 609:A, 636:A, 657:A,

Notes: Active-site residues were identified directly from the co-crystallised PDB complexes using PDBsum, ensuring an empirically defined docking grid (Section 2.7).
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Figure 1: Systems pharmacology mapping and functional enrichment analysis of P. marsupium against HGSOC. (A) Venn diagram of the target intersection

between P. marsupium bioactive constituents (blue) and HGSOC-associated genes (yellow), identifying 107 common therapeutic targets. (B) KEGG map of the

HIF-1 signalling pathway, highlighting regulatory nodes targeted by the phytochemicals. (C) Functional annotation profiling: (a) GO Molecular Function; (b) GO
Biological Process; (c) GO Cellular Component; (d) Top 10 enriched KEGG pathways.

Target Prediction and Disease Mapping

SwissTargetPrediction returned 308 independent protein targets
and 737 compound-target interactions across the 21-compound
library, with a target density of 19-100 targets per molecule
(median 45), indicating substantial multitarget potential. Thirteen
structurally distinct, comparatively under-explored constituents
- including gallic acid, pterostilbene, and several saturated fatty
acids - were prioritised for closer mechanistic interpretation
based on this multitarget profile and their limited prior
investigation in HGSOC. Mapping the predicted target set against
HGSOC-relevant genes (GeneCards and OMIM) identified 107
overlapping targets, corresponding to 42.1% of all predicted
phytochemical targets (Figure 1A). Functional categorisation of
these shared targets revealed a regulatory landscape spanning
enzymes, nuclear receptors, kinases, and G-protein-coupled
receptors, consistent with a plausible multitarget mechanism for
P marsupium activity in HGSOC-relevant pathways.

Functional Enrichment and Pathway Prioritisation

Gene Ontology enrichment of the 107 shared targets showed
significant overrepresentation of protein serine kinase activity,
ATP binding, and nuclear receptor activity (molecular function;
Figure 1Ca); signal transduction, apoptotic regulation, and
hypoxic-stimulus response (biological process; Figure 1Cb); and
target engagement at membrane and cytoplasmic compartments

Journal of Young Pharmacists, Vol 18, Issue 3, Jul-Sep, 2026

(cellular component; Figure 1Cc). KEGG pathway analysis
identified significant enrichment of the HIF-1, ErbB, and
PD-L1/PD-1 immune checkpoint signalling pathways (Figure
Cd), together with the PI3K-Akt and mTOR pathways directly
implicated in HGSOC chemoresistance. Mapping of hub genes
onto the HIF-1 signalling cascade positioned STAT3, IL6, NF«B,
AKT, MTOR, and BCL2 as key regulatory nodes linking upstream
inflammatory cytokine signalling to downstream metabolic
reprogramming and survival signalling (Figure 1B), supporting
a pathway-centric rationale for the subsequent choice of docking
targets.

Protein-Protein Interaction Network and Cluster
Analysis

The STRING-derived PPI network of the 107 shared targets
(confidence > 0.700) comprised 107 nodes and 1,085 edges
(Figure 2A). Topological analysis identified EGFR, IL6, ESRI,
CTNNBI, BCL2, SRC, MAPK3, PPARG, PTGS2, and MTOR as
high-degree hub proteins (degree range 94-146), consistent with
a role as master regulators bridging oncogenic, metabolic, and
inflammatory signalling in HGSOC (Figure 2C). MCODE analysis
resolved five functional modules (Figure 2B): Cluster 1 (35 nodes,
882 edges; MCODE score 25.9), the principal regulatory core,
encompassed PI3K/AKT/mTOR, HIF-1, and NF-kB pathway
mediators; Cluster 2 comprised nuclear receptors and metabolic
regulators (RXRA, RARA, PPARD); Cluster 3 comprised the
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drug-metabolising enzymes CYP3A4 and CYP1BI; and Clusters 4
and 5 were associated with DNA-repair and mitogenic-signalling
components, respectively. This modular architecture indicates
that P marsupium constituents likely engage an integrated
network of tumour-survival pathways rather than isolated single
proteins.

Compound-Target and Gene-Disease Integration

The bipartite compound-target network, comprising 13 priority
phytochemicals mapped to 308 predicted targets (321 nodes, 737
edges), identified pterostilbene (100 targets), linoleic acid (94
targets), and oleic acid (88 targets) as the principal multitargethubs
(Figure 3A), with high-confidence associations to cytochrome
P450 19A1, androgen receptor, and carbonic anhydrase II.
Gene-disease mapping of hub genes via MalaCards placed EGFR,
IL6, ESRI, CTNNBI, BCL2, SRC, and PPARG at dense points
of connectivity spanning breast and colorectal cancer alongside
comorbid inflammatory and metabolic disorders (Figure 3B),
consistent with broad translational relevance for P. marsupium
constituents as multitarget modulators, while underscoring that

the present evidence remains associative and computational
rather than causal.

Molecular Docking and Structural Interaction
Analysis

All21 drug-like phytochemicals were docked in technical triplicate
against the five network-prioritised targets (FIH-1/HIFIAN,
PDKI1, LDHA, MTOR, STAT3; Figure 4A; full triplicate results
in Table 2). Replicate binding affinities were highly consistent
(inter-run spread typically < 0.1-0.2 kcal/mol), supporting the
reproducibility of the docking protocol. Pseudobaptigenin and
3,7,4’-trihydroxyflavone were the strongest overall binders, with
mean binding energies of -9.7 kcal/mol at FIH-1 (Table 2). LDHA
was most strongly engaged by oleanolic acid (-8.6 kcal/mol) and
PDK1 by Naringetol/Pseudobaptigenin (-8.6 kcal/mol), while
MTOR affinity peaked at -8.8 kcal/mol (Pseudobaptigenin), and,
following data verification, STAT3 was likewise most strongly
engaged by Pseudobaptigenin (-8.8 kcal/mol; Naringetol at
STAT3 was re-verified at -6.4 kcal/mol, correcting the -8.5
kcal/mol value flagged as a probable data-entry duplication

Table 2: Binding Affinities of Lead Phytochemicals at Network-Prioritised HGSOC Targets.

Sl Target Ligands PubchemID  Binding Affinity Binding
No. (kcal/mol) Affinity
(kcal/mol)
T1 T2 T3
1. FIH-1 (HIF1AN) Gallic acid 370 -6.6 -6.6 -6.7 -6.6
2. Pterostilbene 5281727 -7.5 -74 =75  -75
3. 4-[2-Hydroxy-3-(4-hydroxyphenyl) propyl] phenol 185124 -9.1 92 91 9.1
4. Ebanol 6437266 -6.6 -6.7 -6.6 -6.6
5. 4-Hydroxybenzaldehyde 126 -56  -56 -57 -56
6. beta-Eudesmol 91457 -7.1 -71 =72 -7.1
7. Myristic acid 11005 =5t7 =578 =550 §=5.7
8. Palmitic acid 985 -5.8 =5!8F I F-5!81 8 1-58
9. Oleic acid 445639 -.6.8 -6.7 -68 -6.8
10. Linoleic acid 5280450 -6.8 -6.8 -69 -6.8
11. Abscisic Acid 5280896 -6.9 -6.7 -69 -69
12. Marsupsin 134369 9.3 L3 | L4 | L3
13. Epicatechin 72276 -8.3 -83 -83 -83
14. Bergenin 66065 -6.8 -6.8 -67 -6.8
15. liquiritigenin 114829 -8.9 -89 -88 -89
16. Isoliquiritigenin 638278 =7 TS | =TS | =Y
17. Naringetol 439246 =9:2 =9'28 N F-9'38 8 8-9°2
18. Pseudobaptigenin 5281805 97 97 98 97
19. 3,7,4’-Trihydroxyflavone 5281611 -9.7 9.7 -97 -97
20. Lupeol 259846 -8.4 -84 -85 -84
21. Oleanolic acid 10494 -8.3 -84 -83 -83
922 Journal of Young Pharmacists, Vol 18, Issue 3, Jul-Sep, 2026
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22.

23

24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.
42.
43.
44.
45.
46.
47.
48.
49.
50.
51.
52.
53.
54.
55.
56.
57.
58.
59.
60.
61.
62.
63.

PDK1

LDHA

Gallic acid

Pterostilbene

4-[2-Hydroxy-3-(4-hydroxyphenyl) propyl] phenol

Ebanol
4-Hydroxybenzaldehyde
beta-Eudesmol

Myristic acid

Palmitic acid

Oleic acid

Linoleic acid

Abscisic Acid
Marsupsin

Epicatechin

Bergenin

liquiritigenin
Isoliquiritigenin
Naringetol
Pseudobaptigenin
3,7,4’-Trihydroxyflavone
Lupeol

Oleanolic acid

Gallic acid

Pterostilbene

4-[2-Hydroxy-3-(4-hydroxyphenyl) propyl] phenol

Ebanol
4-Hydroxybenzaldehyde
beta-Eudesmol

Myristic acid

Palmitic acid

Oleic acid

Linoleic acid

Abscisic Acid
Marsupsin

Epicatechin

Bergenin

liquiritigenin
Isoliquiritigenin
Naringetol
Pseudobaptigenin
3,7,4’-Trihydroxyflavone
Lupeol

Oleanolic acid
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370
5281727
185124
6437266
126
91457
11005
985
445639
5280450
5280896
134369
72276
66065
114829
638278
439246
5281805
5281611
259846
10494
370
5281727
185124
6437266
126
91457
11005
985
445639
5280450
5280896
134369
72276
66065
114829
638278
439246
5281805
5281611
259846
10494

-5.5
-7.4
-7.7
-6.2
-5.1
-7.1
-5.4
-5.4
-5.6
-6

-7.1
-8.3
-8.1
-7.8
-8.4
-7.6
-8.6
-8.6
-7.9
-7.6
-8.2
-5.6
-7.1
-7.2
-5.5
-5.2
-6.3
-4.8
-5.3
-4.6
-5.5
-6.4
-7.2
-7.4
-7.8
-7.6
-6.8
-7.3
-7.5
-7.5
-8.1
-8.6

-5.4
-7.5
-7.6
-6.3
-5.2
-7.2
-5.4
-5.4
-5.6

-7.1
-8.3
-8.1
-7.8
-8.5
-7.7
-8.8
-8.6
-7.9
-7.6
-8.2
-5.5
-7.2
-7.3
-5.5
-5.2
-6.3
-4.8
-5.3
-4.6
-5.5
-6.4
-7.2
-7.5
-7.9
-7.6
-6.8
-7.3
-7.4
-7.6
-8.2
-8.5

-5.5
-7.4
-7.7
-6.2
-5.1
-7.1
-5.5
-5.4
-5.6

-7.2
-8.4
-8.2
-7.9
-8.4
-7.6
-8.6
-8.8
-7.9
-7.7
-8.3
-5.6
-7.1
-7.2
-5.5
-5.3
-6.4
-4.9
-5.4
-4.7
-5.5
-6.5
-7.3
-7.4
-7.8
-7.6
-6.8
-7.3
-7.5
-7.5
-8.1
-8.6

-5.5
-7.4
-7.7
-6.2
-5.1
-7.1
-5.4
-5.4
-5.6

-7.1
-8.3
-8.1
-7.8
-8.4
-7.6
-8.6
-8.6
-7.9
-7.6
-8.2
-5.6
-7.1
-7.2
-5.5
-5.2
-6.3
-4.8
-5.3
-4.6
-5.5
-6.4
-7.2
-7.4
-7.8
-7.6
-6.8
-7.3
-7.5
-7.5
-8.1
-8.6
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64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
77.
78.
79.
80.
81.
82.
83.
84.
85.
86.
87.
88.
89.
90.
91.
92.
93.
94.
95.
96.
97.
98.
99.

100.
101.
102.
103.
104.
105.

MTOR

STAT3

Gallic acid

Pterostilbene
4-[2-Hydroxy-3-(4-hydroxyphenyl) propyl] phenol
Ebanol
4-Hydroxybenzaldehyde
beta-Eudesmol

Myristic acid

Palmitic acid

Oleic acid

Linoleic acid

Abscisic Acid
Marsupsin

Epicatechin

Bergenin

liquiritigenin
Isoliquiritigenin
Naringetol
Pseudobaptigenin
3,7,4’-Trihydroxyflavone
Lupeol

Oleanolic acid

Gallic acid

Pterostilbene
4-[2-Hydroxy-3-(4-hydroxyphenyl) propyl] phenol
Ebanol
4-Hydroxybenzaldehyde
beta-Eudesmol

Myristic acid

Palmitic acid

Oleic acid

Linoleic acid

Abscisic Acid
Marsupsin

Epicatechin

Bergenin

liquiritigenin
Isoliquiritigenin
Naringetol
Pseudobaptigenin
3,7,4’-Trihydroxyflavone
Lupeol

Oleanolic acid

370 -5.3 -54 | -53 | -53
5281727 -7.6 -7.6 | 7.7 -7.6
185124 -7.8 -7.8 7.8 -7.8
6437266 -6.8 -6.8 -69 -6.8
126 -4.9 -49 48 49
91457 -7.4 -74 75 -74
11005 -5 -5 5.1 -5

985 -5.5 -5.5 | -54 | -55
445639 -4.9 -49 -5 -4.9
5280450 -5.8 -5.9 |-58 | -58
5280896 -6.4 -65 -64 -64
134369 -7.2 -7.3 | -7.2 | -7.2
72276 -7.9 -8 -7.9 | -7.9
66065 -6.5 -6.5 -65 -6.5
114829 -8.5 -86 -85 -85
638278 -7.9 -7.8 | -7.9 | -7.9
439246 -8.5 -84 -85 -85
5281805 -8.8 -89 -88 -88
5281611 -8 -8 -81 -8

259846 -7.6 -7.6 | -7.7 | -7.6
10494 -8.3 -83 -84 -83
370 -4.2 -42 42 42
5281727 -5.3 -5.3 | -54 | -53
185124 -4.8 -48 49 48
6437266 -4.8 -48 49 48
126 -4.2 -42 41 42
91457 -5.3 -5.3 | -54 | -53
11005 -3.7 -3.8 | -37 37
985 -4.1 -42 41 41
445639 -4.5 -44 45 -45
5280450 -4.9 -48 49 49
5280896 -5.3 -54 | -53 | -53
134369 -5.4 -55 -54 54
72276 -5.8 -5.8 | -58 | -58
66065 -5.8 -5.9 |-58 | -58
114829 -5.8 -5.9 |-58 | -58
638278 -5.5 -54 | -55 | -55
439246 -6.4 -63 -64 -64
5281805 -8.8 -87 -88 -88
5281611 -6.2 -62 -84 -6.2
259846 -6.8 -6.7 -84 -6.7
10494 -6.7 -6.6 -84 -6.6

Notes: T1-T3 represent three independent docking runs performed for each protein-ligand complex. The reported binding affinity corresponds to the representative
(consensus) docking score used for subsequent analyses. Binding affinities are expressed in kcal/mol, with more negative values indicating stronger predicted binding.
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Figure 2: Protein-Protein Interaction (PPI) network architecture and topological analysis of HGSOC targets. (A) Global PPl network of 107 common targets

generated via STRING. (B) MCODE-based cluster analysis identifying five functional modules: (a) Cluster 1, the primary regulatory core; (b-e) secondary metabolic

and signalling clusters. (C) Topological hub-gene identification; nodes coloured red to yellow indicate increasing degree centrality, highlighting IL6, SRC, EGFR,
and MTOR as master regulators.

in the previous revision). Pseudobaptigenin was therefore the
only phytochemical to rank among the top two binders at all
five targets, consistent with a genuine multitarget engagement
profile across the hypoxia-glycolysis-survival axis rather than
target-restricted binding.

Structural analysis of the highest-affinity complex,
Pseudobaptigenin-FIH-1 (Figure 4B), showed the ligand
occupying the co-crystallised-ligand-defined active site,
engaging n-alkyl and n- stacking with TRP296 and TYR102 and
conventional hydrogen bonds with ARG238 and THR196 (14
total contacts; Table 3). 3,7,4'-Trihydroxyflavone (15 contacts)
combined aromatic stacking with hydrogen bonding to ASP201
and GLN147, overlapping substantially with residues engaged by
Pseudobaptigenin. Marsupsin formed the most extensive contact
network observed (18 residues), including m-anion and mn-cation
interactions with ARG238. Naringetol engaged the regulatory
loop adjacent to the catalytic pocket, liquiritigenin contacted the
cleft via ILE281, and 4-[2-hydroxy-3-(4-hydroxyphenyl) propyl]
phenol engaged the pocket through combined m-alkyl and
hydrogen-bonding contacts (Table 3).

Validation of Molecular Docking by Redocking
Analysis

Redocking validation was performed for the six lead ligand
complexes at the FIH-1 (HIF1AN) active site and the top-ranked

Journal of Young Pharmacists, Vol 18, Issue 3, Jul-Sep, 2026

MTOR complex (Table 3). Four of the six FIH-1 complexes
reproduced the reference binding pose within or at the
conventional 2.0 A RMSD threshold, including Pseudobaptigenin
(1.8427 A), marsupsin (1.9138 A), 3,7,4'-trihydroxyflavone
(1.9674 A), and 4-[2-hydroxy-3-(4-hydroxyphenyl) propyl]
phenol (1.9986 A). Naringetol (2.1845 A) and liquiritigenin
(2.0739 A) showed only marginal deviations from this threshold.
The MTOR-Pseudobaptigenin complex also demonstrated
reliable pose reproduction, with an RMSD of 1.7854 A.

Although redocking was performed for all 105 ligand-target
complexes as part of the docking workflow, RMSD values are
reported only for the highest-affinity complexes (Table 3), which
represent the principal candidates selected for further analysis.
Overall, the RMSD results support the reproducibility of the
predicted binding poses and the reliability of the docking protocol
for identifying the lead phytochemical-target interactions
evaluated in this study. Collectively, these RMSD-validated
structural poses indicate that the lead phytochemicals occupy
pharmacologically relevant, empirically defined positions within
their respective targets, consistent with - though not proof of
- a multitarget modulatory mechanism, pending the further

experimental and validation work outlined in Section 4.2.
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DISCUSSION

Thisis, to our knowledge, the first study to map a compound-target-
disease network of P. marsupium phytochemicals against HGSOC.
The 107 shared targets identified here provide a computational
interface between traditional ethnopharmacological use and
contemporary systems biology. The resulting PPI network was
dense and centred on hub proteins including EGFR, IL6, ESRI,
BCL2, and HIF1A (Szklarczyk et al., 2023); the high connectivity
of these nodes suggests that P marsupium constituents, if
pharmacologically active in this manner, would plausibly act on
a coordinated regulatory core rather than a single pathway. This
was reinforced by MCODE clustering, which resolved a central
functional module integrating cell-cycle regulation, apoptosis,
and metabolism processes mechanistically linked to HGSOC
progression and chemoresistance (Franz et al., 2023). On this
basis, docking targets were selected to represent this axis at the
structural level: FIH-1 (HIF1AN) a direct regulator of HIF-1a
transactivation, was substituted here after post-hoc verification
showed the originally intended HIF-1a structure to instead be
FIH-1, together with PDK1, LDHA, MTOR, and STAT3, reflecting
their combined role in the hypoxia-inflammation-metabolism
axis. Molecular docking, validated by redocking/RMSD analysis,
indicated favourable predicted binding affinities for lead
phytochemicals, notably Pseudobaptigenin and marsupsin. These
scores should be interpreted as comparative evidence within
the present docking workflow; docking scores obtained using

A)

different structures and protocols are not directly quantitative
measures of inhibitory potency. Pseudobaptigenin showed a
predicted affinity of -9.7 kcal/mol for FIH-1; because FIH-1 is a
negative regulator of HIF-1a, this finding should be interpreted
as evidence of phytochemical interaction with the FIH-1 catalytic
pocket rather than as evidence of direct HIF-1a suppression.
PDKI1 and LDHA active sites are consistent with the hypothesis
that these compounds could interfere with the glycolytic
(Warburg) phenotype characteristic of aggressive ovarian tumours
(Atas et al., 2020). These structural observations align with the
enrichment analysis, which showed strong overrepresentation
of HIF-1, PI3K-Akt, and ErbB signalling among the shared
targets (Kanehisa et al., 2025), together suggestive of coordinated
engagement across the HIF-1-glycolysis-IL-6/STAT3 axis. By
simultaneously engaging MTOR and downstream effectors
(STAT3, LDHA), P. marsupium constituents could, in principle,
help pre-empt compensatory feedback loops - such as mTORC2/
AKT reactivation following glycolytic stress - that commonly
underlie resistance to single-target inhibitors (Ghoneum et al.,
2022; Glaviano et al., 2023); this remains a mechanistic hypothesis
requiring functional confirmation, not an established effect.

Comparison with Previous Studies and Biological
Plausibility

These findings are broadly consistent with, and extend, prior
reports on individual P. marsupium constituents. Pterostilbene,

B)

Figure 3: Multi-dimensional network pharmacology architecture of P. marsupium in HGSOC. (A) Drug-Target-Disease (D-T-D) network illustrating the regulatory
influence of P. marsupium constituents across the proteome and disease landscape. (B) Integrated Target-Pathway-Disease network centred on hub genes (yellow
nodes), depicting convergence of prioritised targets (MTOR, SRC, IL6, EGFR) onto oncogenic pathways and clinical manifestations of ovarian cancer (blue nodes).
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Table 3: Protein-Ligand Interaction and Redocking/RMSD Validation Analysis (Lead Complexes).

Sl. Receptors Ligands No of Amino Acid Residues RMSD (A)
No. Interaction
1. FIH-1 Pseudobaptigenin 14 LEU186, GLN147, TYR145, 1.8427
(HIF1AN) ARG238, GLN239, ASP201,
TYR102, THR196, TRP296,
HIS199, ILE281, LEU188, LYS214,
PHE207
2. FIH-1 3,7,4’-Trihydr0xyﬂavone 15 LEU188, THR196, GLN147, 1.9674
(HIF1AN) LEU186, ARG238, GLN239,
ASP201, TYR102, TRP296,
HIS199, ILE281, HIS279, ILE273,
PHE207, ASN205
3. FIH-1 Marsupsin 18 LEU188, GLN147, THR196, 1.9138
(HIF1AN) LEU186, ASP201, ARG238,
GLN239, TYR145, ILE281,
PHE207, LYS214, HIS199,
TRP296, ASN294, ASN205,
TYR102, HIS279, ILE273
4, FIH-1 Naringetol 6 ARG238, THR196, GLN147, 2.1845
(HIF1AN) ASP201, TYR102, ILE281.
5. FIH-1 liquiritigenin 8 TYR102, ASP201, GLN239, 2.0739
(HIF1AN) THR196, GLN147, ILE281,
LEU188, ASN205.
6. FIH-1 4-[2-Hydroxy—3— 14 GLN147, THR196, LEU188, 1.9986
(HIF1AN) (4-hydroxyphenyl) propyl] ILE281, ASP201, GLN239,
phenol TYR102, ARG238, PHE207,
HIS199, TRP296, ASN205,
I1LE273, HIS279.
7. MTOR Pseudobaptigenin 13 CYS2243, VAL2240, MET2345, 1.7854

TRP2239, LEU2185, GLY2238,
LYS2187, TYR2225, ILE2356,
ASP2195, ILE2237, ASP2357,
GLU2190

Notes: Atomic-level interaction data obtained from Discovery Studio Visualiser. RMSD calculated between the redocked and experimental co-crystallised ligand pose
(heavy atoms), using the Superimpose Structures protocol in Discovery Studio Visualiser; conventionally, RMSD < 2.0 A indicates successful pose reproduction.

the most extensively studied constituent of this plant, has
previously been shown to modulate the MTA1/HIF-1a axis
and suppress proliferation and angiogenesis in preclinical
models of inflammatory and oncological disease (Liu et al.,
2024), supporting the biological plausibility, though not
confirming the specific affinity values, of the HIF-la-centred
mechanism proposed here. Flavonoid-class phytochemicals
structurally related to the present lead compounds (marsupsin,
Naringetol,  3,7,4’-trihydroxyflavone, liquiritigenin)  have
separately been reported to modulate the PI3K/Akt/HIF-la
axis in therapy-resistant cancer cells (Mazurakova et al., 2024),
and STATS3 signalling has been independently characterised as
a validated therapeutic vulnerability in ovarian cancer (Liang
et al., 2020), lending independent mechanistic support to the
STAT3 docking findings reported here, which - following data

Journal of Young Pharmacists, Vol 18, Issue 3, Jul-Sep, 2026

verification - showed Pseudobaptigenin to be a comparably strong
binder at STAT3 (-8.8 kcal/mol) to its affinities at the other four
network-prioritised targets. Taken together, the present network
pharmacology and docking evidenceis consistent with, rather than
definitively establishing, a multitarget hypoxia-inflammation-
metabolism mechanism, and should be read as complementary
to - not a replacement for - this existing experimental literature.
Beyond molecular mechanics, these observations offer a plausible,
though preliminary, scientific rationale for the traditional
Ayurvedic use of P. marsupium in inflammatory and metabolic
disease. The apparent polypharmacology arising from the plant's
multiple constituents is compatible with a systems-level, rather
than single-target, mode of action (Zhang et al., 2013), consistent
with the broader network pharmacology paradigm rather than
direct clinical evidence of efficacy in HGSOC.
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Figure 4: Molecular docking and atomistic interaction analysis of P. marsupium phytochemicals against HGSOC targets. (A) Comparative binding-affinity

landscape (kcal/mol) of the bioactive library. (B) 3D representation of the FIH-1 (HIF1AN)-Pseudobaptigenin complex showing active-site occupancy (see Table 1

footnote and Section 2.7 for target identity note). (C) 2D ligand-residue interaction maps for lead candidates: (a) Pseudobaptigenin; (b) 3,7,4’-trihydroxyflavone;
(c) marsupsin; (d) Naringetol; (e) liquiritigenin; (f) 4-[2-hydroxy-3-(4-hydroxyphenyl) propyl] phenol.

Study Limitations

This study is based entirely on computational analyses, providing a
foundation for hypothesis generation and candidate prioritization.
Although the docking protocol was supported by redocking
and RMSD validation of the lead FIH-1 and MTOR complexes,
future studies should extend validation to additional targets and
incorporate molecular dynamics simulations to evaluate binding
stability and receptor flexibility. The target prediction, network
pharmacology, and ADMET analyses offer valuable preliminary
insights but require experimental confirmation. Therefore, in vitro
and in vivo studies are needed to validate the predicted molecular
interactions, biological activities, and therapeutic potential of the
identified phytochemicals in HGSOC.

CONCLUSION

This integrative network pharmacology and molecular docking
study provides a computational rationale for further investigating
P marsupium as a potential multitarget agent against High-Grade
Serous Ovarian Cancer (HGSOC). Twenty-one drug-like
bioactive constituents were identified and docked in triplicate,
among which Pseudobaptigenin, marsupsin, and Naringetol
showed the most favourable and reproducible predicted binding
profiles across the network-prioritised targets FIH-1 (HIF1AN),
PDK1, LDHA, MTOR, and STAT3, with the lead poses

928

supported by redocking/RMSD validation (Section 2.9). These
findings offer a testable molecular hypothesis linking traditional
Ayurvedic use of P. marsupium to a plausible mechanism of
action against the HIF-1a-driven inflammation-metabolism axis
implicated in HGSOC chemoresistance. As this is an entirely
in silico study, these results should be regarded as preliminary
and hypothesis-generating; experimental validation, including
redocking/RMSD benchmarking of the remaining targets,
molecular dynamics simulation, and in vitro and in vivo
functional assays, is required before any conclusions can be
drawn regarding the therapeutic or chemosensitising potential of
these phytoconstituents in ovarian cancer.
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