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Abstract

Obijective: In this study, network pharmacology was applied to determine the therapeutic effects of the
bioactive compounds of Boerhavia diffusa. Network pharmacology can unearth the underlying
mechanisms between drugs and the disease targets and aids in the discovery of novel medications for
complex conditions such as cancer. Methods: To predict the molecular mechanisms of action of
Boerhavia diffusa in the treatment of was screened using the GeneCards database. The Venn diagram
was used to identify the intersecting targets of Boerhavia diffusa and Alzheimer’s disease. The obtained
target information was entered into the STRING database to construct a protein-protein interaction
network. Database for Annotation, Visualization, and Integrated Discovery (DAVID) database was
used to perform the GO and KEGG Pathway Enrichment analysis. Cytoscape Software was used to
construct the networks, and the key targets were identified. The binding affinity of the bioactive
compounds of Boerhavia diffusa with the target proteins was analyzed. PyRx, an online tool was used
to perform molecular docking. It was performed using protein structures from the Protein Data Bank
(PDB) Database and PubChem. BIOVIA Discovery Studio software was used to analyze the protein
structure. Result: Upon performing molecular docking, the proteins AKT1, epidermal growth factor
receptor (EGFR), and STAT3 have the best binding affinities with the bioactive compounds of
Boerhavia diffusa. Conclusion: According to the results, the phytocompounds have potential
therapeutic effects which provide insight into the theoretical basis for the investigation of the
pharmacological mechanism of Boerhavia diffusa. Alzheimer’s disease using network pharmacology,
the phytocompounds were obtained from the IMPPAT database. Target information for the
phytocompounds and Alzheimer ’s disease.

Keywords: Pancreatic cancer, Boerhavia diffusa, AKT1, EGFR, STAT3, Network Pharmacology,
molecular docking

INTRODUCTION

Pancreatic cancer (PC) causes more than a quarter of the deaths annually and is among the tumors
with the worst survival rates [1]. Early diagnosis is difficult because most patients do not display
conspicuous indications during development and progression, which results in a metastatic stage
involving highly invasive cancer cells [2]. Surgical
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[7], along with palliative therapy [8, 9], have been incorporated to increase the survival rates of patients
with PC. However, the 5-year survival rate is only 11%, as the tumor microenvironment is associated
with primary and acquired resistance to therapy. [10, 11]. Furthermore, chemotherapy often has adverse
effects on patients, including fatigue, nausea, and chemotherapy-associated oxidative stress [12].
Therefore, there is an urgent need to develop novel medications that are effective in treating PC. Table
1 presents the full forms of all the abbreviations used in this study.

Ayurvedic medicine is a traditional system of medicine that provides information on nature-based
medicinal remedies that are heavily based on the relationship between the human body and elements of
nature [13]. Several medicinal plants and herbs such as Ashwagandha [14], Tulsi [15], Shunti [16], and
Guduchi [17] have been used for centuries to treat most types of cancers in Asian countries, including
India [18].

Boerhavia diffusa (BD) is one such plant widely known for its renowned medicinal properties such
as antiaging, disease prevention, and improved cognitive function, along with hepatoprotection and
immunomodulation [19]. The plant possesses anti-cancer and anti-inflammatory properties from
glycolic and lignan glycosides, flavonoid glycosides, isoflavonoids, steroids, and alkaloids, which are
derived from various classes of secondary metabolites [20-22].

Ayurveda involves synergistic treatment that uses the multi-component nature of herbs to create
formulations that increase efficacy [23]. Network pharmacology has proven to be a valuable tool for
understanding the interactions of drugs with multiple targets by integrating systems biology,
bioinformatics, and polypharmacology [24]. Using computational power, the molecular interactions
between genes and protein targets related to diseases can be cataloged [25, 26], and new drug leads and
targets can be discovered for different diseases [27]. The “one-drug, one-target” approach has proved
to be useful but has its own set of limitations. Conditions such as cancer are the outcomes of several
aberrant pathways, genes, and proteins, and cannot be treated effectively with treatment targeting one
pathway, gene, or protein. Network pharmacology can provide better outcomes as it involves
pharmacological action on several pathways [28].

METHODOLOGY
Data Preparation
Identification of Active Compounds of BD
Compounds found in BD were obtained from the Indian Medicinal Plants, Phytochemistry, and
Therapeutics (IMPPAT) database (https://cb.imsc.res.in/imppat) [29].

The Screening of Bioactive Compounds in BD

Several ADME-related parameters can be employed, including oral bioavailability (OB), Drug
Likeliness (QED), Number of Lipinski’s rule violations, and gastrointestinal absorption, to assess the
compounds of their ability as drug candidates [30]. SwissADME was used to evaluate them
(http://www.swissadme.ch/index.php) [31] and ADMETLab 2.0
(https://admetmesh.scbdd.com/service/screening/index) [32] that are online databases that provide
information on the ADME properties on the compounds.

Target Genes Prediction of BD Bioactive Compounds

The databases used to collect the potential targets of the phytochemicals were the
SwissTargetPrediction Web server (http://www.swisstargetprediction.ch/) [33] and Similarity
Ensemble Approach Search Server (SEA) (https://sea.bkslab.org/) [34].

Prediction of PC Target Genes

The data for the targets associated with PC were obtained from GeneCards
(https://www.genecards.org/) [35], with the identifier set as “Pancreatic cancer” and the relevance score
was set to greater than 30.
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Table 1. List of abbreviations

Abbreviation Full Form

AKT1 RAC-alpha serine/threonine-protein kinase
ADMET Absorption, Distribution, Metabolism, Excretion and Toxicity
BBB Blood-Brain Barrier

BD Boerhavia diffusa

CCT Compound-Compound Target

CTP Compound-Target-Pathway

EGFR Epidermal growth factor receptor

ESR1 Estrogen Receptor Alpha Gene

GO Gene Ontology

OB Oral Bioavailability

KEGG Kyoto Encyclopedia of Genes and Genomes

PPI Protein-Protein Interaction

PC Pancreatic cancer

QED Drug Likeliness

STAT3 Signal transducer and activator of transcription 3
TP Target Pathway

Construction of Venn Diagram
Venny 2.0, was used to identify common targets between the predicted targets of the bioactive
compounds of BD and the PC target genes (https://bioinfogp.cnb.csic.es/tools/venny/) [36].

Pathway Enrichment Analysis

The Database for Annotation, Visualization, and Integrated Discovery (DAVID)
(https://david.ncifcrf.gov/tools.jsp) [37] was used to perform gene enrichment analysis, with the p-value
cutoff set to less than or equal to 0.05. The pathways were sorted based on count (largest to smallest)
and a bubble plot was constructed with the top 20 results. Bubble plots of the enrichment results were
constructed using the Science and Research Online Plot (SRPLOT)
(https://www.bioinformatics.com.cn/en) [38].

Network Construction

Networks represent interactions among herbal formulae, genes, and diseases and can be constructed
using Cytoscape (version 3.1.0) (https://cytoscape.org/) [39]. CytoHubba [40] plugin was used to
construct the subnetworks. The Compound-Compound Target Network was obtained by connecting the
compounds with their corresponding targets.

Protein-protein interaction (PPI) data were obtained from the Search Tool for the Retrieval of
Interacting Genes/Proteins (STRING) database (https://string-db.org/) [41]. Within STRING, PPlIs are
categorized based on data scores indicating their confidence levels (low: <0.4; medium: 0.4-0.7; high:
>(.7). The species was restricted to “Homo sapiens,” the query was set only to PC-related targets, and
interactions with confidence scores greater than 0.4 was considered.

The target-pathway network was constructed using the top 20 enriched genes identified through
KEGG Pathway enrichment analysis, and this network was assembled using Cytoscape Software
(Version 3.1.0) [39].

The top 20 enriched genes identified through KEGG Pathway enrichment analysis were used to
construct the target-pathway network and were assembled using Cytoscape Software (Version 3.10)
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[39]. The compound-target-pathway network was constructed by employing the “Merge” feature in
Cytoscape Software (Version 3.1.0) [39], the compound-target-pathway network was constructed.

Molecular Docking Study
Protein Retrieval and Purification

Based on the analysis of the subnetworks, three proteins were chosen for the docking process based
on analysis of the subnetworks. Proteins were retrieved from the Research Collaboratory for Structural
Bioinformatics (RCSB) Protein Data Bank (PDB) database (https://www.rcsb.org/) [42]. The Water
molecules and bound ligands were removed Using BIOVIA Discovery Studio Visualizer [43]. Using
the AMBR force field, energy minimization was performed after the hydrogen atoms were removed
using the USF CHIMERA Software (https://www.cgl.ucsf.edu/chimera/) [44].

Secondary Structural Analysis

Secondary structure analysis was performed using PDBsum [45] (http://www.ebi.ac.uk/pdbsum.).
Ramachandran plots and predicted secondary structures were analyzed to understand the structure of
the protein.

Molecular Docking

Molecular docking between the ligands and proteins was performed using PyRx software [46]. The
BIOVIA Discovery Studio Visualizer provides the opportunity to view the interactions in the form of
2D diagrams [43], and the protein-ligand complex can be viewed using PyMol Software [47]. The
binding pockets of the proteins were downloaded using PrankWeb (https://prankweb.cz/) [48] and
compared to the interactions visualized in 2D diagrams to understand the ligand-protein complex.

RESULTS
Collection of Bioactive Compounds of BD
64 phytocompounds of BD were obtained from IMPPAT out of which 56 were unique.

Screening of Bioactive Compounds in BD

ADME-related parameters, including OB >30%, QED >0.18, high Gl absorption, and 0O Lipinski’s
rule violations, were used to screen 56 compounds collected from the IMPPAT database. Nineteen
compounds passed the ADME screening and are presented in Table 2.

Target Genes Identification for BD Bioactive Substances
When the search was restricted to "Homo sapiens™ and a probability greater than zero, 402 targets
were found from the SEA search server [44] and the SwissTargetPrediction database [43].

Prediction of PC Target Genes
A total of 4368 PC-related targets with a relevancy score > 30 were found when the search term
"pancreatic cancer" was used in GeneCards [45].

Construction of Venn Diagram
A Venn diagram was constructed, which represented 62 intersecting targets between 402 putative
targets of the compounds and 560 PC-related targets. This is illustrated in Figure 1.

Pathway Enrichment Analysis Using GO and KEGG

GO and KEGG enrichment studies were carried out on 62 targets to uncover biological activities and
metabolic pathways. The GO and KEGG Pathway Enrichment analysis findings, shown in Figure 2, are
graphically depicted using bubble diagrams after filtering with a p-value <0.05. A total of 438 biological
processes (BP), 53 cellular components (CC), and 96 molecular functions (MF) were identified using
GO analysis. The primary processes regulated by BP targets include protein autophosphorylation,
positive regulation of cell proliferation, negative control of apoptosis, and positive regulation of the
ERK1 and ERK2 cascades.
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Table 2. Lists the ADME characteristics of the BD bioactive substances that cleared the screening.

Compounds GI Absorption (High) | OB >=30% | QED >=0.18 | Lipinski’s Rules
Ascorbic acid High 0.56 0.412 Accepted
Oxalic acid High 0.85 0.38 Accepted
boeravinone D High 0.55 0.624 Accepted
boeravinone E High 0.55 0.468 Accepted
boeravinone C High 0.55 0.722 Accepted
Liriodenine High 0.55 0.494 Accepted
Eupalitin High 0.55 0.677 Accepted
boeravinone B High 0.55 0.552 Accepted
boeravinone A High 0.55 0.714 Accepted
boeravinone F High 0.55 0.258 Accepted
Diffusarotenoid High 0.55 0.633 Accepted
3,3',5-trihydroxy-7-methoxyflavone High 0.55 0.672 Accepted
4’ 7-dihydroxy-3'-methylflavone High 0.55 0.711 Accepted
Palmitoleic acid High 0.85 0.356 Accepted
Myristic acid High 0.85 0.488 Accepted
Repenone High 0.55 0.435 Accepted
Xanthone High 0.55 0.517 Accepted
Oxalic acid High 0.85 0.38 Accepted
Lunamarine High 0.55 0.73 Accepted
L-Rhamnose High 0.55 0.326 Accepted

Targets in CC mostly involve the cytoplasm, neoplasm, plasma membrane, cytosol, and the nucleus.
They are also involved in receptor complex formation. As shown in Figure 2(c), the primary objectives
of MF are protein-binding, enzyme binding, ATP binding, protein kinase activity, identical protein
activity, DNA-binding, and protein homodimerization activity. Following KEGG Pathway analysis,
135 pathways were identified, with the majority of the targets being involved in pathways related to
cancer, including the P13K-Akt, MAPK, microRNA, and proteoglycan pathways; pathways related to
Ras and Rapl; and pathways related to breast, gastric, prostate, and pancreatic cancers. According to
GO and KEGG Pathway Enrichment analyses, BD may be involved in PC therapy through the
aforementioned pathways, 40 of which are potential targets in cancer. The top 20 words and routes were
chosen to create the bubble plots shown in Figure 2 (d) after the terms and pathways were sorted by
count (largest to smallest).

BD Targets PC Targets

62 498

(6.9%) (55.5%)

Figure 1. Venn diagram representing the intersecting targets.
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Figure 2. (a). Biological process GO enrichment analysis.
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Molecular Function
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Figure 2. (c). Molecular Function Enrichment Analysis using GO.

KEGG Pathway

EGFR tyrosine kinase inhibitor resistance
Pancreatic cancer-
Endocrine resistance §
Prostate cancer-
Relaxin signaling pathway - I
Gastric cancer- l 25
Proteoglycans in cancer- 20
Breast cancer+ 15

Cellular senescence o
10

g Chemical carcinogenesis - receptor activation -
=
5 . ) - A .
o Kaposi sarcoma- associated herpesvirus infection Count
Ras signaling pathway - ® 15
Focal adhesion @
Rap1 signaling pathway 5 . 25
PI3K- Akt signaling pathway . 30
Lipid and atherosclerosis - . 35

Pathways in cancer- .
MAPK signaling pathway -

MicroRNAs in cancer+

Human papillomavirus infection

10 1‘5 2I0 25
Fold Enrichment

Figure 2. (d). Analysis of KEGG Pathway Enrichment.

The findings of the enrichment study indicated that the biological mechanisms and cellular
constituents associated with BD targets vary and participate in several metabolic pathways, thus
validating its multi-pathway attributes.

Network Construction
Compound-Compound Target Network

The compound-target-pathway has also been constructed [5149]. With 418 nodes and 823 edges, the
compound target shown in Figure 3 had a network density of 0.009 and a network diameter of 7. The
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targets were represented by edges, whereas the compounds were represented by nodes. It was found
that a molecule involves many genes and that some genes overlap with other compounds.

Based on "degree," the sub-network was built using the CytoHubba Plugin [5250] to determine which
Hub compounds had the most interactions. Five Hub molecules with a degree of 100 were identified by
sub-network analysis: eupalitin, liriodenine, 4,7-dihydroxy-3'-methylflavone, 3,3’,5-trihydroxy-7-
methoxyflavone, and lunamarine. This suggests that these substances are the most important in BD.
Figure 4 shows the sub-network corresponding to the top 10 important chemicals. Table 3 displays the
2D structures of the Hub compounds obtained from the PubChem Database [7651].

The interactions between the BD compounds and their targets are illustrated by blue triangles,
representing the active compounds, and green ellipses, representing the targets.

Triangles represent the target proteins and the color gradient from red to yellow represents the highest
to lowest degree.

Figure 3. Compound-Compound Target Network.
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Figure 4. Sub-network representing the Hub compound.

Table 3. 2D diagrams of the Hub compounds from PubChem.

Name of compound 2D diagram

3,3,5-trihydroxy-7-methoxyflavone Ho

Liriodenine

4’ 7-dihydroxy-3'-methylflavone

Eupalitin

Lunamarine
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Protein-Protein Interaction Network

Figure 5 shows the PPI network resulting from importing 62 intersecting targets into the STRING
database [5352]. There were 62 nodes, 912 edges, and an average node degree of 29.4 A °. The
enrichment p-value of the PPI network was less than 1.0e-16, indicating that these proteins interacted
with more than a collection of randomly selected proteins would. Each node in the network reflects all
proteins generated by a single gene locus that codes for the proteins. The relationships between proteins
are shown at the edges. Although there may not always be a physical bond between proteins, these
linkages are intended to be precise and significant, indicating that proteins work together to contribute
to a common function.

The sub-network was built using the CytoHubba [5250] Plugin in Cytoscape Software [5149] to
determine which Hub targets are most crucial to the growth and development of PCs. The targets were
arranged according to “degree.” The Hub proteins were Epidermal Growth factor (EGFR) (degree 54),
RAC-alpha serine/threonine-protein kinase (AKT1) (degree 53), signal transducer and activator of
transcription 3 (STAT3) (degree 50), Estrogen Receptor Alpha Gene (ESR1) (degree 49), proto-
oncogene tyrosine-protein kinase Src (SRC) (degree 48), heat shock protein 90 alpha family class A
member 1 (HSP90AAL) (degree 48), Erb-B2 Receptor Tyrosine Kinase 2 (ERBB2) (degree 45),
transcription factor Jun (JUN) (degree 44), mouse double-minute 2 homolog (MDMZ2) (degree 42), and
mammalian target of rapamycin (mTOR) (degree 42). Figure 6 shows the sub-network.

The colored nodes represent the query proteins and the first shell of the interactions, and the white
nodes represent the second shell of interactions. ““— represents interactions from curated databases

and “ represents experimentally determined interactions. The predicted interactions in green
represent the gene neighborhood, red interactions represent gene fusions, and blue interactions represent
gene co-occurrence.

The rectangles represent the target proteins, and the color gradient from red to yellow represents the
highest to lowest degree.

Compound-Target-Pathway (CTP) Network

The compound-target-pathway network sheds light on how the compounds in BD interact with their
associated targets and how they function in different metabolic and disease-related processes.
Proteoglycans in cancer, the P13K-Akt signaling pathway, the MAPK signaling pathway, and other
pathways in cancer are some of the salient characteristics of this pathway. Most of the proteins targeted
by BD compounds are thought to be involved in cell proliferation and tumor formation. The pathways
with the highest degree of involvement were cancer, the P13K-Akt signaling pathway, MAPK signaling
pathway, microRNAs in cancer, proteoglycans in cancer, Ras signaling pathway, Rapl signaling
pathway, breast cancer, gastric cancer, prostate cancer, and pancreatic cancer. Consequently, it can be
said that by focusing on the aforementioned pathways, the chemicals found in BD will have protective
benefits while treating cancer. Figure 7 shows a representation of the CTP network.

The relationships among the BD drugs, PC-related targets, and pathways derived from the KEGG
Pathway enrichment analysis are depicted in this network. Diseases are represented by orange ellipses,
chemicals by yellow rectangles, and target proteins are represented by blue ellipses. \

Molecular Docking Study
Protein Retrieval and Purification

The 3D crystal structures of the three target proteins were obtained from the RCSB PDB [5453],
purified using BIOVIA Discovery Studio [5554], and structural analysis was conducted. In the
structural analysis, the Ramachandran plot, secondary structure, and hydropathy plots were analyzed
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Figure 6. Sub-network representing the Hub targets.

Figure 7. Compound-target-pathway network.

Table 4. Results from the structural analysis of Ramachandran Plot.

Protein | Favored region | Additional allowed regions | Generously allowed regions
EGFR 66.4% 29.1% 3.2%

AKT1 87.04% 11.7% 0.6%

STAT3 93.8% 6.2% -

Structural Analysis Using Ramachandran Plot
Understanding Protein Conformation and Stability

Structural Analysis of Epidermal Growth Factor Receptor

The secondary structure of epidermal growth factor receptor (EGFR) is predicted to have nine sheets,
two beta-alpha-beta units, five beta hairpins, four beta bulges, twenty-six strands, 13 helices, two helix-
helix interactions, 77 beta turns, 12 gamma turns, and 18 disulfides, as shown in Figure 8(c). Figure
8(a) shows purified EGFR protein.

Structural Analysis of AKT1

The secondary structure of AKT1, as shown in Figure 9(c), predicts the existence of 36 beta turns, 5
gamma turns, 1 disulfide, 8 beta bulges, 7 beta hairpins, 12 strands, 15 helices, and 13 helix-helix
interactions. Figure 9(a) shows purified AKT1 protein.

Structural Analysis of STAT3

Six sheets, seven beta hairpins, seven beta bulges, 20 strands, 19 helices, twenty-eight helix-helix
interaction, thirty-two beta turns, and five gamma turns were predicted by the secondary structure of
STATS3, as shown in Figure 10(c). Figure 10(a) shows purified STAT3 protein.

Molecular Docking
Following the sub-network analysis, three receptor proteins were chosen for molecular docking:
signal transducer and activator of transcription 3 (STAT3), RAC-alpha serine/threonine-protein kinase
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(AKT1), and epidermal growth factor (EGFR). The following bioactive BD compounds were selected
as ligands: eupalitin, liriodenine,  4',7-dihydroxy-3'-methylflavone,

methoxyflavone, and lunamarine. The degree of binding affin
their corresponding proteins.

Molecular Docking Interaction with EGFR

Lunamarine was shown to have the greatest binding affinity (-8.1) with EGFR when the five Hub
compounds were docked with EGFR. Figure 11 shows a 2D diagram of. Lunamarine binds with
Cys287, Arg310, and Lys311 to form two conventional hydrogen bonds. Additionally, it creates a
carbon-hydrogen connection with Ser342 and a Pi-anion link with Glu293. Asn54, Asn53, Trp80,
1270, and Val271 produced a number of

Asp292, 11290, Leu210, Ser205, Lys268, Leu264, Tyr272, Va
van der Waals interactions.
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Figure 9. Structural analysis of AKT1 (PDB ID: 3096) (a) protein AKT1 purified protein structure, (b)
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Ramachandran plot, (c) predicted secondary structure.
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Figure 10. Structural analysis of STAT3 (PDB ID: 6NUQ) (a) protein STAT3 purified protein structure,
(b) Ramachandran plot, (c) predicted secondary structure.

Table 5. Binding affinities of the ligands with their respective targets.
Compounds Target 1 Target2 | Target3
EGFR AKT1 STAT3
Liriodenine -1.7 -8 -6.4
Lunamarine -8.1 -7 -7.5
3,3',5-trihydroxy-7-methoxyflavone -8 -7 -7.2
4',7-dihydroxy-3’-methylflavone -7.8 -10 -7.8
Eupalitin -7.9 -9 -7.1
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Figure 11. Represents the docked complex and the 2D visualization of EGFR and lunamarine.

Molecular Docking Interaction with AKT1
It was revealed that 4',7-dihydroxy-3'-methylflavone exhibited the best binding affinity with AKT1
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(-10), and the 2D diagram is shown in Figure 12. 4'7-dihydroxy-3'-methylflavone formed two
conventional hydrogen bonds with GIn79 and Thr211, two Pi bonds with Val270 and Leu264, two Pi-
Pi stacked bonds with Trp80, and two Pi-alkyl bonds with Leu210. Several van der Waals interactions
were observed between Asn54, Asn53, Trp80, Asp292, 116290, Leu210, Ser205, Lys268, Leu264,
Tyr272, Val270, and Val271.

Molecular Docking Interaction with STAT3

The highest binding affinity (-7.8) was observed for the interaction between STAT3 and 4'7-
dihydroxy-3'-methylflavone. Figure 13 illustrates this 2D interaction. Two Pi-Pi T-shaped bonds with
Trp501, two Pi-alkyl bonds with Ala505 and Leu525, and two conventional hydrogen bonds with
Ser540 and Asn538 were produced by 4',7-dihydroxy-3'-methylflavone. Tyr539, Val537, Thr526, lle
522, Ser509, Glu506, leus525, Asp502, and Trp501 created many van der Waals contacts.
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Figure 12. Represents the docked complex and the 2D visualization of AKT1 and 4'7-dihydroxy-3'-
methylflavone.
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Figure 13. Represents the docked complex and the 2D visualization of STAT3 and 4'7-dihydroxy-3'-
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methylflavone.
DISCUSSION

After building the CCT sub-network, the 19 compounds that passed the ADME-related metrics
included  3,3',5-trihydroxy-7-methoxyflavone,  Lunamarine,  4',7-dihydroxy-3'-methylflavone,
liriodenine, and upalitin, which had the greatest degree. Lunamarine, also known as punarnavine, is a
quinolone alkaloid believed to cause apoptosis by suppressing NF-kappaB-induced Bcl-2 mediated
survival signaling and activating p53-induced caspase-3 mediated pro-apoptotic signaling [4955].
Ligiodenine, an isoquinoline alkaloid, ligiodenine, has been studied as a possible anti-cancer treatment,
especially for ovarian cancer [5656]. It causes apoptosis by inducing caspase-3 and caspase-9, which
activate the intrinsic route [5656]. The O-methylated flavanol eupalilitin has been studied in relation to
prostate cancer as a possible anti-cancer drug [5149]. Eupalitin causes apoptosis by increasing the
concentration of Caspase-3 and by generating ROS [5149]. It was not possible to locate pertinent data
or previous research on 3,3'5-trihydroxy-7-methoxyflavone and 4'7-dihydroxy-3'-methylflavone.

The most frequently engaged protein in PC, according to a deeper examination of the PPI network
sub-network based on degree, is the EGFR. The ErbB family of receptor tyrosine kinases (RTKS)
include the EGFR protein, which is involved in many aspects of epithelial cell physiology. It has been
shown that PC is frequently associated with overexpression of both epidermal growth factor (EGF) and
EGFR [5250]. As it is commonly mutated and/or overexpressed in several human cancer types, it is a
target for multiple cancer therapies [5352]. The primary ligands of EGFR are TGF-$ and EGF, and
EGFR mutations typically occur in the form of overexpression, mutation, deletion, and rearrangement.
These alterations cause tyrosine kinases to become active, which can aid in the onset and spread of PC
[5453]. Cell proliferation is thought to result from the binding of EGF to epidermal growth factor
receptor (EGFR), which in turn causes homodimerization or heterodimerization with ErbB receptors
such as HER2, receptor phosphorylation, and activation of downstream effectors such as RAS-RAF-
MEK-ERK-MAPK and PI3K-AKT-mTOR [5554]. When tyrosine residues are transphosphorylated
intracellularly owing to dimerization, several cell signaling pathways are activated, including P13K,
Src, MAPK, and signal transducer and activator of transcription (STAT) [5453]. This stimulates cell
division, cell cycle progression, invasion, and metastasis. Given that advanced clinical stages of PC
have been associated with greater EGFR expression, deregulation of the EGFR pathway has also been
linked to poor prognoses for patients with PC [5453]. Approximately 90% of PDAC patients have the
G12 mutation in KRAS, making KRAS one of the most frequently found mutations in human solid
tumors [5657--5960]. Lunamarine was the Hub compound with the highest binding affinity (-8.1) when
EGFR was docked with it. Partial binding took place in the sixth and seventh active sites when the
residues involved in binding were compared with the residues of the active sites. Therefore, lunamarine
possesses characteristics that would make it a potent EGFR inhibitor.

The protein known as serine/threonine-protein kinases-1 (AKT1) had the second-highest degree
within the PPI network sub-network. Protein Kinase B (AKT) kinases are important intermediaries in
pathways governing cell growth, proliferation, survival, glucose metabolism, genomic stability, and
neovascularization [6661]. In vivo studies using genetically engineered mice have shown that aberrant
AKT signaling, either on its own or in conjunction with other genetic changes, contributes to cancer
[6162, 6263]. AKT is involved in multiple signaling pathways that include elements linked to
tumorigenesis, including downstream tuberous sclerosis complex 2 (TSC2), Forkhead Box Class O
(FOXO0), eukaryatic initiation factor 4E (elF4E), upstream phosphatidylinositol 3-kinase (PI13K),
Phosphatase and Tensin homolog deleted on chromosome Ten), NF1, and LKB1. Additionally, AKT
activates IkB kinase, which causes the transcription of anti-apoptotic proteins and favorably regulates
NF-kB [6364]. AKT also facilitates the phosphorylation and translocation of mdmz2 into the nucleus,
which downregulates p53 and obstructs p53-mediated cell cycle checkpoints [6465, 6566]. Therefore,
it may be possible to treat PC by blocking AKT1, which is thought to be essential for the PI3BK-AKT-
mTOR pathway. The highest binding affinity was observed for 4',7-dihydroxy-3'-methylflavone when
the 5-Hub compounds were docked with AKT1 (-10). The results from PrankWeb [4848] indicated that
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binding occurs at the first active site. Given that 4’,7-dihydroxy-3'-methylflavone interacts with the first
active site and has a high binding affinity, it is worth investigating as a possible AKT1 inhibitor. The
STAT family, which includes STAT1, TAT2, STAT3, STAT4, STAT5A, STAT5B, and STATS, is
involved in the control of cytokine-dependent inflammation and immunity [6667]. Studies have been
conducted on the role of STAT3 in inflammation and cancer. Numerous studies have revealed that IL-
6/JAK2/STAT3 is highly activated in PC and associated with the occurrence, development, metastasis,
and invasion of tumors, in addition to being involved in a number of physiological and pathological
processes such as angiogenesis, cell proliferation, immune regulation, and differentiation [6768, 6869].
Cytokines participating in the gp130 or homodimeric cytokine receptor chain, as well as some growth
factors operating via protein tyrosine kinase receptors, activate STAT3 [6970—7172]. Therefore, STAT3
is involved in intracellular signal transduction and tumorigenic signaling pathways, including the NF-
kB pathway [7273], G-CSF-STATS3 route [/374], and IL-11-STAT3 signaling [#475]. Through direct
tumor autonomic mechanisms or indirect regulation of the immune system and stroma relevant to the
tumor’s anti-tumor responses, STAT3 can encourage the development of tumors [7475]. The optimal
binding affinity was found for 4',7-dihydroxy-3'-methylflavone following STAT3 molecular docking
with the Hub compounds (-7.8). It was discovered that the binding takes place at the eighth active site
when these residues were compared to those of the active sites. Thus, 4’,7-dihydroxy-3'-methylflavone
may be investigated further as a possible STAT3 inhibitor.

GO and KEGG Pathway Enrichment analyses suggested that the nucleus, cytoplasm, plasma
membrane, cytosol, nucleoplasm, and receptor complex were among the most enriched cellular
components. Protein-binding, DNA-binding, and protein serine/threonine/kinase activities were the
most abundant. These activities are essential for controlling cell growth, survival, and cycle progression
[#576], and any abnormal expression can result in the development and spread of tumors. Therefore,
blocking protein targets implicated in these pathways and processes can effectively cure PC.

CONCLUSIONS

This study employed a network pharmacology method to examine the molecular processes of
Boerhavia diffusa in the context of pancreatic cancer therapy. According to our study, 4',7-dihydroxy-
3’-methylflavone and lunamarine have anti-pancreatic cancer effects. Moreover, it has been shown that
STAT3, AKT1, and EGFR have been shown to have major impacts on pancreatic cancer. Recent
findings are anticipated to help researchers conduct further studies to validate the essential compounds
of Boerhavia diffusa against pancreatic cancer for possible therapeutic applications. However, this study
had several limitations. For example, although the anti-tumor and immunomodulatory properties of the
substances under analysis have been the subject of several clinical trials, further validation is required.
Furthermore, it is crucial to confirm the scientific validity and rationale of the predicted targets through
in vitro and in vivo studies.
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