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Despite advancements in technology and cancer therapies, breast cancer remains the primary cause of death among Indian 
women. Integrating phytochemicals might mitigate the side effects of the anticancer drugs. To curb disease progression and 
enhance treatments, studying organic compounds and plant-derived phytochemicals proves effective. This study investigates 
Bergenin, a bioactive compound from Peltophorum pterocarpum (Copperpod), using network pharmacology and molecular 
docking against breast cancer.  

Pharmacological analysis via QikProp 4.4 suggests Bergenin aligns with ADME (absorption, distribution, metabolism and 
excretion) criteria and Lipinski's rule of five, which is a promising sign for its potential as a drug. Bergenin's protein targets, 
identified from ChEMBL (Chemogenomics - European Molecular Biology Laboratory), Swiss Target Prediction, and 
PharmMapper, were overlapped with breast cancer targets from GeneCards and PathCards. A PPI (protein-protein interaction) 
network was constructed from 246 shared targets, based on the STRING (Search Tool for the Retrieval of Interacting 
Genes/Proteins) 11.5 which reveals key targets of Bergenin for breast cancer. GO (Gene Ontology) and KEGG (Kyoto 
Encyclopedia of Genes and Genomes) analysis using DAVID (Database for Annotation, Visualization, and Integrated Discovery) 
provided functional insights. A CPDT (Compound–Pathway–Disease–Target) Network was constructed based on consolidated 
data, revealing 20 pathways, 8 diseases, and 161 core targets. Through cytoHubba, 17 crucial targets were pinpointed. Molecular 
docking indicated Bergenin's strong interactions with HSP90AA1, HRAS, and AKT1. Molecular Dynamics simulations affirmed 
stable interactions, suggesting potential inhibitory effects. Therefore, Bergenin could be a potential therapeutic drug to treat cancer 
via PI3K-Akt and MAPK signaling pathway.  

Keywords: Breast cancer, Molecular docking, Molecular dynamics simulation, Network pharmacology, Peltophorum 
pterocarpum 

Breast cancer is the most common cancer diagnosed in 
women and is a significant contributor to female 
mortality, accounting for approximately 2.3 million 
newly diagnosed cases, making up 11.7% of all cancer 
incidents, and 685,000 deaths worldwide. It has 
surpassed lung cancer as the leading cause of global 
cancer incidence in 20201. It is the main cause of cancer-
related morbidity and mortality in urban Indian women. 
As of 2020, it accounted for 39.4% of all cancers in 
India2. There are currently many accessible therapeutic 
methods available for breast cancer treatment, including 
the traditional treatments of surgical resection and 
radiation, as well as innovative interventional 
medications. Chemotherapy improves disease-free and 
overall survival in women with breast cancer, which 

depends on the treatment approach, characteristics of the 
tumor, comorbid conditions, age, and risk of recurrence3. 
Chemotherapy-induced short-term side effects such as 
nausea, vomiting, and digestive irritation and long-term 
side effects such as premature ovarian failure, weight 
gain, cardiac effect, leukemia, and cognitive 
dysfunction3 lead to treatment discontinuation. 

Network pharmacology is a novel science that 
combines bioinformatics and pharmacology to discover 
new medication targets by understanding the complex 
interactions between multiple components of a 
biological system, such as proteins and genes. Initially, 
Hopkins suggested the notion of network pharmacology 
in 2007. Since then, this technique has been frequently 
employed to develop more effective treatments for 
diseases4. Cancer is a polygenic disease, and single-
target therapy is ineffective in treating cancer. The goal 
of network pharmacology is to convert the old "single 
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drug-single target therapy" idea into a "multidrug 
component-multitarget treatment" approach5. This 
multidisciplinary approach has the potential to 
revolutionize the way we approach the treatment of 
complex diseases. Network-target-based network 
pharmacology represents a promising avenue for the 
future of drug research and development, particularly in 
the context of herbal formulations6. Conversely, 
molecular docking is a computational technique 
employed to forecast the binding strength between a 
potential small drug molecule and a specific protein 
target. The combination of network pharmacology, 
molecular docking and molecular dynamics simulation 
provides a powerful tool for the discovery and 
development of new drugs for breast cancer. By 
considering the complex interactions between multiple 
components of the disease network, network 
pharmacology helps to identify new therapeutic targets, 
while molecular docking and dynamics allows 
researchers to evaluate the potential of drugs to bind to 
these targets and modulate the network in a manner that 
can suppress the disease. This integrated approach can 

lead to the discovery of new, more effective treatments 
for breast cancer.  

Therefore, in this study, the Compound–Pathway–
Disease–Target Network was constructed to evaluate the 
possible mechanisms of Bergenin – a bioactive 
compound of Peltophorum pterocarpum flowers, in 
breast cancer prevention. Figure 1 exhibits a workflow 
of the research design. The Bergenin candidate genes 
and intersection genes for breast cancer were first 
gathered. The protein-protein interaction (PPI) and 
Compound–Pathway–Disease–Target Network were 
then built and analysed to examine key targets. 
Furthermore, Gene Ontology (GO) and the Kyoto 
Encyclopedia of Genes and Genomes (KEGG) 
analysis were carried out. Finally, molecular docking 
and dynamics was used to validate binding and 
stability of the key targets. 
 
Materials and Methods 
 

ADME analysis 
To analyse the pharmacokinetic and pharmacological 

parameters of Bergenin, in silico ADME-related 

 
 

Fig. 1 — Flowchart illustrating the web tools employed for the gene selection process and its analysis for molecular docking 
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properties were computed using QikProp 4.47. QikProp 
forecasts the physical descriptors and pharmaceutically 
important characteristics of organic compounds using 
absorption, distribution, metabolism, and excretion 
(ADME) prediction. It offers a reference range for 
comparing the properties of molecules to those shared 
by 95% of established pharmaceutical drugs. 3D structure 
of Bergenin was retrieved from PubChem in SDF format. 
To predict the pharmacokinetic characteristics of the 
ligand, Bergenin, the entire ADME-compliance score-
drug-likeness parameter is employed. Its application 
predicted the octanol/water partition coefficient 
(QPlogPo/w), aqueous solubility (QPlogS), IC50 value for 
blockage of HERG K+ channels (QPlogHERG), apparent 
Caco-2 cell permeability in nm/sec for the gut-blood 
barrier (QPPCaco), brain/blood partition coefficient 
(QPlogBB), apparent MDCK (Madin-Darby Canine 
Kidney) cell permeability in nm/sec (QPPMDCK), 
binding to human serum albumin (QPlogKhsa) and 
human oral absorption on 0 to 100% scale.  
 
Preparing protein-protein interaction (PPI) network 

Potential Bergenin targets and Breast cancer known 
targets were enumerated in order to build a protein-
protein interaction network. These two lists were 
evaluated, and a combined list was prepared. The 
targets on this list were designated as candidate genes, 
which were utilised to construct the PPI network. 
 
Search for bergenin potential targets  

Potential targets of Bergenin were identified using 
online tools viz., ChEMBL (active human targets at 90% 
confidence), PharmMapper (based on z'-score) and 
Swiss Target Prediction (based on probability). 
ChEMBL (https://www.ebi.a-c.uk/chembl/) is a 
database of bioactive drug-like small compounds that 
includes 2D structures, computed characteristics (such as 
Molecular weight, Lipinski parameters, logP, and so on), 
and abstracted bioactivities (such as ADMET data, 
binding constants and pharmacology). Active human 
targets at 90% confidence were selected as potential 
targets from ChEMBL8. PharmMapper (https://ww-
w.lilab-ecust.cn/pharmmapper/) server is a free-to-use 
web server which detect probable target candidates for 
the given probe small molecules (drugs, natural 
products, or other recently discovered compounds with 
unknown binding targets). It has a high processing 
capacity and can quickly locate prospective target 
candidates in the database. PharmMapper targets were 
short-listed based on z' score. The calculation involves 
the molecule's fit score and the library score matrix. The 

fit score is computed by merging it with the 
corresponding vector from the score matrix and 
standardizing the result to have a mean of zero and a 
standard deviation of one. High positive z'-scores 
indicate strong target significance for a query 
compound, while large negative z'-scores suggest the 
target may lack significance. The z'-score provides more 
statistical significance and a highly confident 
comparison when added to the pure fit score9. Swiss 
Target Prediction (http://www.swisstaretpredictio-n.ch/) 
predicts the likely biological targets of a small molecule 
that is considered to be bioactive. This prediction relies 
on a blend of 2D and 3D similarities with a database 
containing over 370,000 known active compounds 
across more than 3,000 proteins from three different 
species10.  
 

Extracting breast cancer known targets 
Already known targets of breast cancer were 

extracted from PathCards (https://pathcards. 
genecards.org/) and GeneCards (https://www. 
genecards.org/). PathCards is an integrated database of 
human biological pathways and associated annotations. 
Based on the commonality of the gene contents, human 
pathways were grouped into SuperPaths. Each PathCard 
holds details about a single SuperPath, which stands in 
for one or more human paths. It contains 1570 
SuperPath entries that have been combined from 11 
different sources. Genes in the superpath: ''Breast Cancer 
Pathway'' was selected. GeneCards serves as a 
comprehensive, user-friendly database providing 
detailed information on each annotated or predicted 
human gene. It seamlessly integrates a wide range of 
data types, including genomic, transcriptomic, 
proteomic, genetic, clinical, and functional information, 
sourced from approximately 150 web repositories11. 
Breast cancer known targets were extracted from 
GeneCards using the search queries "Breast Cancer" and 
"Breast Tumor". 
 

Candidate gene list  
A common list was prepared and designated as a 

candidate genes after removing repetitions between 
Potential Bergenin targets and Breast cancer  
known targets using Venn (https://bioinformatics.-
psb.ugent.be/webtools/Venn/). The candidate gene list 
includes targets that are known and prospective for 
both breast cancer and Bergenin.  
 

PPI-network  
Protein-protein interaction network was constructed 

using STRING version 11.5 and Cytoscape version 
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3.9.1 at a confidence level of 0.9. STRING 
(https://string-db.org/) is a database that encompasses 
protein-protein interactions, encompassing both, 
established and anticipated interactions. These 
interactions originate from computational forecasts, 
cross-species knowledge transfer, and data collected 
from primary databases. They encompass direct 
(physical) interactions as well as indirect (functional) 
correlations12. Annotations, gene expression profiles, 
and various state data can be incorporated into molecular 
interaction networks and biological pathways through 
the use of the open-source software platform called 
Cytoscape. Cytoscape (https://cytosca-pe.org/) offers a 
foundational set of features for data integration, analysis, 
and visualisation. For network and molecular profiling 
analysis, new layouts, additional file format support, 
scripting, and connection with databases, additional 
capabilities are provided as apps like STRING, 
DisGeNET, cytoHubba and yFiles Layout Algorithm. 
 

Core-target identification 
MCODE version 2.0.2 finds clusters (highly 

interconnected regions) in a network. Clusters signify 
different things in distinct types of networks. MCODE 
analyze the whole PPI network and provide clusters that 
represent the protein complexes and parts of certain 
pathways13. The cytoHubba version 0.1, an application 
of Cytoscape that explores important nodes/hubs and 
fragile motifs in an interactome network by several 
topological algorithms and centralities based on shortest 
paths14. Based on Degree, Betweenness Closeness, 
MCC (Maximal Clique Centrality) and Bottleneck 
scores, top 10 targets were shortlisted, and Venn 
diagram was used to find the intersecting key targets. 
 

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) Enrichment analysis 

The GO (http://geneontology.org/) knowledgebase 
stands as the largest global repository of gene function 
information. This knowledge is available in formats 
suitable for both human understanding and machine 
processing, forming a critical basis for computational 
analysis in the field of large-scale molecular biology and 
genetics experiments within biomedical research15. A 
database resource, KEGG (https://www.genome.jp/ 
kegg/) is for understanding high-level biological system 
functions and utilities from molecular-level information, 
particularly large-scale molecular datasets produced by 
genome sequencing and other high-throughput 
experimental technology16. GO and KEGG pathway 
analysis was performed using Database for Annotation, 
Visualization, and Integrated Discovery (DAVID 

2021)17 (https://david.ncifcr-f.gov/) based on p-value 
and number of targets associated with GO and KEGG 
terms. DAVID offers a range of functional annotation 
tools to comprehend the biological significance of huge 
lists of genes. The bubble chart was plotted with the help 
of SR plot (https://www.b-ioinformatics.com.cn/en) a 
free online platform for data analysis and visualization. 
 
Compound-Pathways-Disease-Target (CPDT) Network 

The CPDT network was constructed by combining 
data from DisGeNET (https://www.disgenet.org/), the 
PPI network and the KEGG pathway. Disease 
enrichment data was extracted using Cytoscape 
through the DisGeNET database18 and scrutinize gene-
disease associations based on the number of target 
genes and p-value. Eight significant gene-disease 
associations were separated from DisGeNET 
enrichment data. Afterwards, KEGG pathway data 
extracted from DAVID and top 20 significant gene 
pathway associations based on target count were 
imported into Cytoscape to construct a network.  
The networks were then merged with the PPI network 
to assemble Compound-Pathways-Disease-Target 
Network. Cytoscape tools such as the yFiles layout 
algorithm and visual style were used to establish 
alternative symbolising identities and improve the 
visual features of the network. 
 
Molecular docking 

Molecular docking was performed using 
Schrödinger9. The Ligand 2D structure of Bergenin 
(CID 66065) was imported using canonicalsmiles 
provided by PubChem (https://pubchem.ncbi. 
nlm.nih.gov/). The imported ligand was prepared using 
LigPrep tool9 and converted to a 3D structure at a pH 
of 7.4±0.2, including stereo chemical, ionisation, 
tautomeric variations, optimised for geometry, desalted 
and corrected for chiralities, and energy minimization 
using OPLS_2005 (Optimized Potentials for Liquid 
Simulations) force field. The key targets that 
underwent short listing via cytoHubba were utilized  
for the docking process. High-resolution (<2.0),  
non-mutated 3D structure of SRC (2bdf), HSP90AA1 
(4nh8), PIK3R1 (1h9o), AKT1 (3o96), HRAS (5p21) 
and EGFR (6p8q) were obtained from the Protein Data 
Bank (PDB) (https://www.rscb.org). Protein 3D 
structures were prepared using Protein preparation 
wizard7 at pH 7.4±2.0, where hydrogen atoms were 
added, hetero-molecules and water molecules were 
removed, and charges and bond orders were applied. 
PROPKA was used to optimize the structure, and 
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finally, the OPLS_2005 force field was applied to 
conduct restricted minimization of the protein 
structure. Further water molecules were removed at  
5 Å from the ligand, and energy was reduced at a Root 
Mean Square Deviation (RMSD) tolerance of 0.3 Å. 
Receptor Grid generation was utilised to prepare a grid 
box at the active site of the protein. Amino acids 
resembling active sites of proteins were identified from 
Computed Atlas of Surface Topography of proteins 
(CASTp) (http://sts.bioe.uic.edu/castp/index.html), 
which recognizes pockets as empty concavities on a 
protein surface into which solvent can gain access based 
on computational geometry19. Leading six proteins 
scrutinized through cytoHubba analysis were employed 
for molecular docking using the Glide XP (Extra 
precision) method. Glide looks for favourable 
interactions and binds flexible ligands into stiff receptor 
structures. The Glide XP method incorporates a 
substantially broader exploration of molecular poses and 
employs a scoring function that rigorously assesses 
interactions between proteins and ligands20. Based on the 
Glide score (kcal mol-1), the efficacy of ligand-protein 
binding was ultimately evaluated. 
 
Molecular dynamics (MD) simulation  

A 100 nanoseconds molecular dynamics simulation 
was conducted using the Desmond software on two 
primary target proteins, HSP90AA1 (4nh8) and HRAS 
(5p21), with a focus on their Glide scores, which 
indicate a more favourable binding affinity when 
displaying a more negative value9. The OPLS_2005 
force field was utilised to simulate water molecules 
using a predefined TIP3P water model21. Orthorhombic 
periodic boundary conditions were established to define 
the dimensions and proportions of the repeated unit, 
with a buffer of 10 Å separation. To achieve electrical 
neutrality, seven Na+ ions were introduced to 
counterbalance the system's charge. After introducing 
the necessary counter-ion, 0.15 M NaCl was supplied to 
maintain isosmotic condition in the simulation box. The 
Bergenin-4nh8 system had solvated box volume of 
278238 Å3 contained 26272 protein atoms with 7644 
water molecules, while the Bergenin-5p21 system had 
solvated box volume of 218118 Å3 comprised 20280 
protein atoms with 5861 water molecules. The system 
was then minimised and relaxed using the Desmond 
module's default protocol and the OPLS_2005 force 
field. Coulombic interactions cut-off was set to a 9.0 Å 
radius. The system was developed in isothermal-isobaric 
ensemble NPT with a relaxation time of 1 ps and a time 

step of 2 fs. The Nose-Hoover chain22 and the Martyna-
Tobias-Klein isotropic scaling23 approach was used to 
adjust the temperature 300.0 K and pressure 1 bar, 
respectively. The Simulation Interaction Diagram tool in 
the Desmond package was used to investigate the 
behaviour and interactions of the ligand with protein. 
RMSD and RMSF (root mean square fluctuation) plots, 
as well as protein-ligand interaction patterns, were 
analysed to examine the stability of MD simulations. 
 
Results 
 

ADME analysis 
Drug-like properties of the compound were assessed 

by evaluating their pharmacokinetics and 
pharmacological properties using QikProp. The properties 
as shown in Table 1 like, molecular weight <500 Da; 
hydrogen bond donors <5, hydrogen bond acceptors <10, 
and logP values of <5, are all well withinthe acceptable 
range of Lipinski’s rule of five24. ADME showed results 
with median to high values for human oral absorption, 
Caco-2 cell permeability with 46.32% absorption and 
39.27 nm/sec, respectively. Predicted MDCK cell 
permeability was poor at 14.95 nm/sec, below the 
recommended value of 25 and the Brain/blood partition 
coefficient was found low (Table 1). The pharmacokinetic 
parameters fall comfortably within the acceptable range 
prescribed for human application, suggesting the potential 
of this molecule as a drug candidate. 

 
Protein-protein interaction (PPI) network 

A total of 268 targets that interact with Bergenin 
were found, 232 of which were obtained from 
PharmMapper, 23 from Swiss target prediction and 13 
from ChEMBL. A total of 15,663 breast cancer-
associated targets were retrieved, of which, 200 were 
from the "Breast cancer pathway" PathCards and 
15,463 from GeneCards. 234 overlapping targets were 
imported into Cytoscape 3.9.1 software to construct a 
PPI network using STRING 11.5 database. 
Significantly interacting targets were shortlisted at a 
Confidence score of 0.90 after removing free nodes. 
There are 161 nodes, which represent targets and  
594 edges representing interactions between those 
targets (Fig. 2A). 

 
Core-target identification 

Chief two PPI clusters signifying major pathways 
were extracted with the help of the MCODE algorithm in 
Cytoscape. Figure 2B illustrates that the cluster (26  
nodes and 101 edges) included AKT1, CDK2, CCNA2, 
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Fig. 3 — Clusters of top 10 targets in cytoHubba algorithm using Cytoscape (A) Degree; (B) BottleNeck; (C) MCC; (D) Closeness; 
(E) Betweenness; and (F) Intersection targets using Venn diagram 
 

Table 2 — Top target list, cytoHubba result of Maximal Clique Centrality (MCC), Betweenness Closeness Degree and BottleNeck 

Sr. No. Targets Degree Closeness MCC Betweenness BottleNeck 

1 SRC 40 88.03333 27944 4326.860399 52 
2 HSP90AA1 35 85.61667 17958 4071.533156 15 
3 PIK3R1 35 81.45 17226 
4 AKT1 34 84.1 6761 2616.898129 28 
5 HRAS 31 79.03333 21831 1775.198048 
6 PIK3CA 31 78.78333 16782 
7 MAPK3 27 79.11667 23063 
8 EGFR 27 77.61667 25160 
9 MAPK1 26 78.03333 21552 13 
10 RHOA 25 79.01667 17467 3350.695846 
11 DCK 1790.057343 12 
12 CDK1 4248.320984 32 
13 HPGDS 3853.529095 16 
14 TYMS 4002.467947 13 
15 AKR1C3 1917.362428 
16 AURKA 14 
17 CDC42 17 
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Compound-pathways-disease-target (CPDT) network 
 

The CPDT network with 190 nodes and 1892 edges 
(Fig. 5) as described in (Table 3) encompasses one 
compound, 20 pathways, 8 diseases and 161 target 
genes. Bergenin from the P. pterocarpum flower is 
represented by the orange round node; green nodes 
stand for 20 significant signaling pathways; blue 
nodes are 8 diseases; and red square nodes stand for 
161 target genes, with lines being the interactions 
between them. The outermost circle of 20 KEGG 
pathways in green illustrates the involvement of target 
genes in many different essential signalling pathways 

such as PI3K-Akt, Breast cancer, Ras, MAPK, etc. The 
inner circle in blue depicts disease relatedness based on 
the number of target genes and p-value, which includes 
malignant neoplasm of the breast (1.50E-10), breast 
carcinoma (1.48E-18), schizophrenia (6.61E-10) 
mammary neoplasms, human (1.79E-16), mammary 
neoplasms (2.04E-16), mammary carcinoma, human 
(1.79E-16), prostatic neoplasms (1.00E-10)and 
malignant neoplasm of prostate (1.00E-10) (Table 4). 
According to DisGeNET disease relatedness  
statistics, the group of target genes is significantly 
correlated with Breast cancer. The CPDT network study 

 
Fig. 4 — Bubble plot (A) KEGG enrichment; (B) GO Biological processes; (C) GO Cellular Components; and (D) GO Molecular Functions 
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identified several proteins as significant targets, 
including SRC, HSP90AA1, PIK3R1, AKT1, HRAS, 
PIK3CA, MAPK3, and EGFR, as key targets of 
Bergenin in cancer treatment. These targets have the 
potential to affect various cancer-related pathways, 
including the PI3K-Akt signaling pathway, 
proteoglycans in cancer, Ras signaling pathway, 
apoptosis, prostate cancer and breast cancer, and hence 
offer promise for future cancer treatment. 
 
Molecular docking 

A total of six core target proteins were selected for 
molecular docking based on cytoHubba inspection. A 
more negative Glide score means more favourable 
protein-ligand interactions. Molecular docking results 
in Table 5 demonstrated that Bergenin has the best 
Glide  score  with SRC, PIK3R1, AKT1, HRAS, and  

 
Fig. 5 — Compound-Pathways-Disease-Target Network (CPDT) 

 

Table 3 — CPDT components with nodes and edges 

Components Nodes Edges 

KEGG Pathways 20 488 
STRING genes 161 594 
DisGeNET Diseases 8 650 
 

Table 4 — DisGeNET diseases based on number of  
target genes involved 

Sr. No. Disease name No. of genes p-value 

1 Malignant neoplasm of breast 46 1.50E-10 
2 Breast Carcinoma 42 1.48E-18 
3 Schizophrenia 40 6.61E-10 
4 Mammary Neoplasms, Human 39 1.79E-16 
5 Mammary Neoplasms 39 2.04E-16 
6 Mammary Carcinoma, Human 39 1.79E-16 
7 Prostatic Neoplasms 34 1.00E-10 
8 Malignant neoplasm of prostate 34 1.00E-10 
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EGFR of -7.214, -7.321, -9.954, -11.570 and  
-9.585, respectively, compared to the standard FDA 
authorised medications Dasatinib (-4.857), Alpelisib  
(-1.655) Idealisib (-1.819), Tipifarnib (-3.053), and 
Gefitinib (-4.026). Bergenin concomitantly binds to 
HSP90AA1 with the best glide score (-12.071) 
compared to the standard FDA-approved drug 
Irsogladine (-8.227). Figure 6 reveals that Bergenin 
docked at a key binding pocket of proteins at different 
binding modes in the active site forming H-bonds, 
ionic bonds and π – π interactions. Moreover, Bergenin 
interacts with Mg++ of HRAS and EGFR to form metal 
acceptor connections (Fig. 6A-6F).  
 

Molecular dynamics (MD) simulation  
The protein-ligand complex with the highest Glide 

score was chosen for MD simulation to investigate the 
stability, conformational changes, and underlying 
molecular interactions at the atomic level. The 
behaviour and stability of docked complexes, 
Bergenin-4nh8 and Bergenin-5p21, i.e., Bergenin 
with HSP90AA1 and with HRAS respectively, were 
shown via a real-time simulation trajectory of 100 ns. 
Plot in (Fig. 7A & B) exhibits the protein ligand 
RMSD evolution with protein C-α atoms (left axis) of 
Bergenin-4nh8 and Bergenin-5p21 complex 
respectively. System was equilibrated perfectly since 
the structural conformation throughout the simulation 
remains stable. Up to 35 ns, initial fluctuations in  
the acceptable range of 1.0 - 3.0 Å of Bergenin-4nh8 
were observed, followed by stabilization at  
2.4 Å from 35 to 100 ns. While the Bergenin-5p21 

Table 5 — Molecular docking results of selected proteins with Bergenin compared docking of with FDA approved drugs 

Sr. No .Targets  (PBD ID) Positive 
Inhibitor 

Bergenin 

Glide gscore (Kcal/mol) Hydrogen bond interactions (Å) Interacting Amino Acids 

A SRC (2BDF) -4.857 -7.214 GLU280 (1.71127), ASP258, TYR335, 
LYS316 

PRO299, LYS298, THR296, PRO333, 
LYS315, GLN312, LEU269, TRP282, 
ALA259, TRP260, GLN275 

B HSP90AA1 (4NH8) -8.227 -12.071 LEU103 (1.63734),ASN51, GLY135 MET98, VAL150, ASP102, OLE104, 
PHE22, PHE170, ASN105, LEU107, 
GLY108, TRP162, ALA111, VAL136, 
PHE138, TYR139 

C PIK3R1 (1H90) -1.655 -7.321 ARG19 (1.5915), ARG37, HIS57, 
SER40 

ARG37, ASN18, SER39, LYS41, ALA46, 
VAL59, CYC58 

D AKT1 (3O96) -1.819 -9.954 GLU278 (1.75583), ASN279, GLU298, 
PHE293 

TYR229, VAL164, LEU156, GLY157, 
THR291, GLY294, LEU295, ASP274, 
LYS276, MET281, GLU234 

E HRAS (5P21) -3.053 -11.570 SER17 (2.62482), THR35, HOH ALA18, GLY15, GLY13, GLY12, THR58, 
ALA59, GLN61, THR35, PRO34, TYR32, 
ASP30, VAL29 

F EGFR (6P8Q) -4.026 -9.585 ASP837 (1.66635) VAL726, LEU718, GLY719, SER720, 
GLY721, ALA722, ARG841, ASN842, 
PRO877, ASP855 

 

 
 

Fig. 6 — 3-D and 2-D Diagrammatic representations of Bergenin
docked with different proteins (A) SRC (2BDF); (B) HSP90AA1
(4NH8); (C) PIK3R1 (1H9O); (D) AKT1 (3O96); (E) HRAS (5P21); 
and (F) EGFR (6P8Q) 
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system oscillates for up to 40 ns from 1.0 to 2.4 Å and 
then stabilizes after 40 ns between 3.0 to 4.0 Å. Ligand  
RMSD (right axis) reveals the stability of Bergenin 
with respect to protein in its binding pocket. Bergenin 

simulated with 4nh8 attain stability after  
4 ns and remains steady between 2.0 to 3.5 Å from  
5 to 100 ns, whereas ligand RMSD of 5p21 initially 
fluctuates alike  C–α  of  protein  up  to  40  ns  and  then 

 
 

Fig. 7 — Protein and Ligand Root Mean Square Deviation (RMSD) of (A) 4nh8 with Bergenin; and (B) 5p21 with Bergenin 
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remains stable between 2.0 to 3.0 Å. Figure 8A and 
8B depicts protein RMSF of Bergenin-4nh8 and 
Begrenin-5p21 as local variations along the protein 
chain that fluctuate less  at rigid  secondary  structures  

such as alpha helices and beta strands. In Figure 8A, 
ligand connections were depicted by green lines, 
suggesting that ligand contacts formed at stable 
secondary conformations  of 4nh8 with variations less  

 
 

Fig. 8 — Protein Root Mean Square Fluctuation (RMSF) with interacting residues of (A) 4nh8; and (B) 5p21 
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Ser17, Val29, Asp30, Glu31 and Tyr32 with interaction 
fraction of 0.82 and 1.5 for Asp33 and Asp57 
respectively. As demonstrated in Figure 10A, the 
interacting amino acid residues Asn51, Gly135, Phe138, 

and Tyr139 maintain persistent contact with the ligand 
over the 100 ns time scale. When Bergenin-5p21 was 
taken into consideration. Figure 10B illustrates the amino 
acid residues Ser17, Thr35 and Asp57 remained in stable 

 
 

Fig. 10 — Protein Ligand contacts on 100 ns time scale of (A) 4nh8-Bergenin; and (B) 5p21-Bergenin 
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STRING 11.5 database using Cytoscape 3.9.1 
software. PPI network shows how target proteins 
interact with each other and contribute to various cell 
signaling pathways. MCODE and cytoHubba analysis 
of the aforementioned network revealed the key target 
proteins that play significant roles in the network. It 
also demonstrates that despite being a global-based 
strategy, degree, closeness, and MCC produced 
comparable outcomes. GO and KEGG enrichment 
analysis was performed using DAVID database to 
functionally annotates key target genes into main GO 
terms and KEGG pathway. GO enrichment reveals 
the main GO terms including biological processes, 
molecular functions, and cellular components viz., 
GO:0007165 signal transduction, GO:0005515 
protein binding, GO:0005829 cytosol etc. This 
implies that most of the target genes in the PPI 
network are found in the cytosol and take part in 
signal transduction and protein phosphorylation.  

KEGG pathway enrichment analysis displayed 
pathways involved viz., hsa05200: Pathways in 
cancer, hsa01100: Metabolic pathways, hsa04151: 
PI3K-Akt signaling pathway etc. According to GO 
and KEGG enrichment analysis, most of the target 
genes are expected to be involved in cancer 
metabolism and can be targeted to alter cell 
proliferation and cancer development. The CPDT 
complex network illustrates the enrichment of target 
genes depending on the KEGG pathways and gene-
disease association. A CPDT was built using KEGG 
pathways and DisGeNET disease relatedness statistics 
analysis, which includes 20 nodes representing major 
KEGG pathways and 8 nodes being diseases, as well 
as 161 nodes representing key target genes (Fig. 5). 
cytoHubba evaluation of the PPI network for 161 
target genes based on the scoring method of Degree, 
Closeness, MCC, Betweenness and BottleNeck 
exposed 10 prominent targets. SRC, HSP90AA1 and 
AKT1 were the common leading targets in the 
cytoHubba rank list. When it comes to scoring, SRC 
ranks first in all five categories, followed by 
HSP90AA1, AKT1, PIK3R1, HRAS and EGFR. 
Proteins encoded by these target genes were 
molecularly docked and subjected to ligand 
interaction analysis using Glide, Schrödinger. The 
molecular docking result in table 5 highlighted that 
Bergenin demonstrated superior binding interactions 
with these proteins compared to their respective FDA-
approved inhibitors. The degree of interaction 
efficiency is reflected in the Glide scores, where 

Bergenin showed the highest efficiency when 
interacting with HSP90AA1 (-12.07), followed by 
HARS (-11.570), AKT1 (-9.954), EGFR (-9.585), 
PIK3R1 (-7.321) and SRC (-7.214). Similarly, 
molecular dynamics study demonstrated that Bergenin 
has a more stable docked structure with HSP90AA1 
(4nh8) and HRAS (5p21). Bergenin with 4nh8 
interaction data suggested that Asn51 and Phe138 
continue to retain the characteristic hydrogen bond 
and Hydrophobic contact respectively throughout the 
100 ns. Amino acid residues Asn51 and Phe138 are 
the ATP binding site of HSP90AA126. Previously, 
similar binding models at this site of HSP90AA1 that 
operate as an inhibitor were described27,28. Therefore, 
binding of Bergenin at Asn51 and Phe138 may 
prevent the ATP binding and alter the activity of 
HSP90AA1 (Fig. 12).  
 

Hsp90 alpha, encoded by HSP90AA1, is part of the 
Hsp90 family of proteins that works as a molecular 
chaperone. Hsp90 interacts with and supports several 
proteins that promote cancer cell survival, particularly 
in breast cancer29. As shown in Figure 12, Hsp90 
stabilises oncoproteins such as AKT (PKB), which 
also stimulates autophagy and prevents apoptosis via 
the PI3K/Akt/mTOR pathway30, implying that 
inhibiting HSP90AA1 might be a strategy for 
reducing cell proliferation and promoting apoptosis31. 
Hsp90 inhibitor sensitize cells with elevated levels of 
HER2 and AKT expression by inactivating AKT in 
both in vitro and in vivo models, indicating that 
Hsp90 inhibition downregulates AKT kinase and 
hence cell proliferation and induces apoptosis32.  

Equivalent results have been shown by Chen and 
colleagues in 2014 that the Hsp90 inhibitor promotes 
cell cycle arrest, destabilises tyrosine kinase; inhibits 
AKT activation and improves its antiproliferative 
effect on breast cancer33. Glide dock predicted 
Bergenin binds at kinase domain (spans 150-408 
amino acids34) AKT forming hydrogen bonds with 
Glu278, Asn279, Glu298, and Phe293. Similar 
binding regions were explored by Mirza and Karim in 
202335. This suggests that the binding of Bergenin at 
the kinase domain could prevent activation (i.e., 
phosphorylation) of AKT. p-AKT, an active state of 
AKT, phosphorylates and inhibits p21 and p27 
proteins36 which are involved in cell cycle progression 
through inhibiting CDK-cyclin. It prevents apoptosis 
through the phosphorylation of FOXO, BAD and 
CASP937. It is also controlled by SRC via PTEN and 
phosphorylation of PI3K38. 



INDIAN J. BIOCHEM. BIOPHYS., VOL. 61, NOVEMBER 2024 
 
 

656

The HRAS (Harvey rat sarcoma viral oncogene 
homolog) gene encodes the Hras GTPase enzyme, 
which is activated by RTK type growth factor 
receptors. It acts as a binary switch that cycles between 
an inactive GDP-bound and an active GTP-bound 
state39. The active form of HRAS stimulates PI3K 
signaling and RAS-RAF-MEK-ERK pathway (Fig. 12) 
which further stimulates the expression of cyclin/CDKs 
promoting cell growth, proliferation and survival40. 
HRAS expressed in 60% of breast cancer patients and 
is also one of the most frequently altered oncogene 
families in cancer, impairing Ras responsiveness to 
GAP-mediated control and causing it to remain 
active41. Ras activation in breast cancer tumours can 
occur in the presence of EGFR or HER2 without a 
direct RAS mutation, accounting for 20-50% of cases. 
Elevated HRAS mRNA levels were most common in 
ER-positive breast cancer tumours42. The GTP binding 
site is represented by the amino acid residues Ser17, 

Thr35, and Asp57, which are implicated in the 
interaction of Bergenin with HRAS (5p21). Binding of 
Magnesium ions at this site is essential for HRAS 
activation via GTP hydrolysis. Till Rudack and 
colleagues in 201243 revealed the involvement of Mg++ 
ion in the catalysis of HRAS-GTP hydrolysis by 
providing transient storage of electrons, which is 
thereafter reversed by bond cleavage and Pi release43. 
Hence, interaction of Bergenin with amino acid 
residues and Mg++ ion at the GTP binding site of 
HRAS may inhibit its activation and, as a result, cell 
growth and division. A signaling pathway diagram  
in (Fig. 12) was constructed using the Breast  
cancer – KEGG pathway (map05224) as a reference 
which illustrates a potential mechanism of action for 
Bergenin. It highlights that by targeting HSP90AA1 
and HRAS, Bergenin may effectively prevent the 
activation of AKT1 and RAF through the PI3K-Akt 
and MAPK signaling pathways respectively. This 

 
 
Fig. 12 — Representation of the PI3K-Akt and MAPK pathways, emphasizing interaction of Bergenin with HSP90AA1 and HRAS to
inhibit their activation. This interaction ultimately hinders the activation of AKT1 and Raf/MEK/ERK thereby promoting apoptosis and 
disrupting processes related to cancer cell proliferation, survival and translation 
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action has the potential to promote apoptosis44 and 
disrupt processes related to cancer cell proliferation, 
survival, and translation. Similar docking studies have 
previously demonstrated that phytocompounds have 
the potential to inhibit cancerous growth45-48. 
Therefore, targeting HSP90AA1 coupled with HRAS 
and AKT1 reduces cell viability and induces apoptosis 
and consequently, Bergenin might be a potential 
therapeutic drug to treat breast cancer.  
 

Conclusion 
The molecular mechanism of Bergenin, a bioactive 

phytochemical derived from P. pterocarpum flowers, 
in the therapy of breast cancer was investigated using 
network pharmacology and molecular docking in this 
study. Bergenin's potential primary targets for breast 
cancer have been found, and they include crucial 
pathway genes such as the PI3K-Akt pathway, the 
MAPK pathway, the EGFR pathway, and others. Key 
targets like HSP90AA1, HRAS and AKT1 showed the 
best Glide score when employed in molecular docking. 
MD simulation further validates the stable docked 
conformation of Bergenin with HSP90AA1 and 
HRAS. In a nutshell, Bergenin may lead to induction of 
apoptosis by disrupting processes related to cancer cell 
proliferation, survival via the PI3K-Akt and MAPK 
signaling pathway by targeting HSP90AA1, HRAS and 
AKT1. 
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