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Unlocking the therapeutic potential
of unexplored phytocompounds

as hepatoprotective agents
through integration of network
pharmacology and in-silico analysis

Pranali A. Jadhav?, Asha B. Thomas!"“, Mohsin K. Pathan?, SomdattaY. Chaudhari?,
Ravindra D. Wavhale! & Sohan S. Chitlange?

Liver diseases account for over two million deaths annually, amounting to 4% of mortality worldwide,
underscoring the need for development of novel preventive and therapeutic strategies. The growing
interest in natural hepatoprotective agents highlights the potential of traditional medicine for modern
drug discovery, though unlocking their molecular complexity requires advanced tools. This study
integrates cutting-edge computational techniques with traditional herbal knowledge to identify
potential hepatoprotective compounds. Protein targets implicated in liver disorders were identified
through network pharmacology and by leveraging the rich molecular diversity inherent in herbal
compounds, phytocompounds were selected. The Gene Ontology, Kyoto Encyclopedia of Genes and
Genome data were compiled and enrichment analysis was performed using the DAVID database.
Molecular docking of selected phytocompounds with top five protein targets helped identify 14
compounds which were employed for building the pharmacophore model. In virtual screening, among
1089 compounds screened, 10 compounds were identified as potential hits based on their predicted
scores and alignment with pharmacophore features. The interactions of resulting hits were then
analyzed through redocking studies and validated through molecular dynamics simulation and ADMET
studies. Notably, (2S,5E)-2-(3,4-Dihydroxybenzyl)-6-(3,4-dihydroxyphenyl)-4-oxo-5-hexenoic acid and
5’-hydroxymorin emerged as lead compounds for further investigation. Both compounds exhibited
significant binding affinities with specific amino acids in selected targets, suggesting their potential

to modulate key pathways involved in hepatic disorders. Our findings demonstrate the utility of this
integrated approach which transits beyond traditional trial-and-error methods. This approach will
accelerate the discovery of novel hepatoprotective compounds, providing deeper insights into their
mechanistic pathways and action.
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The liver, often described as the body’s metabolic hub and detoxification powerhouse, is essential for maintaining
overall health and vitality. However, in today’s world, liver health is compromised with myriads of challenges,
ranging from toxins, unhealthy lifestyle to exposure of agents that harm liver cells and impair its function. This
backdrop has contributed to a global surge in liver diseases including fatty liver, cirrhosis, viral hepatitis and
liver cancer, causing more than two million deaths each year!. It is reported that one out of every 25 deaths are
due to liver diseases. Today the third biggest cause of mortality is liver cancer, which is the sixth most prevalent
cancer in the world. In terms of prevalence, it ranks ninth among cancers in women and fifth among males.
Hepatocellular carcinomas (HCC), makes up around 75% of liver cancer cases and is the most prevalent kind
of liver cancer. Amongst those suffering from chronic liver diseases, HCC is one of the major reasons of death.
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Even more concerning is the significant burden cirrhosis places on global healthcare systems, as it ranks as the
15th leading cause of disability-adjusted life-years (DALYs) worldwide. Once cirrhosis develops, mortality risk
increases five-tenfold?. Hepatitis B, hepatitis C virus (HCV), Nonalcoholic fatty liver disease (NAFLD) and
alcoholic liver disease are the main causes of cirrhosis and chronic liver disorders. NAFLD has emerged as one of
the main causes of HCC in current years®. If NAFLD aggravates, it can result into a state known as nonalcoholic
steatohepatitis, or NASH. NASH can lead to liver cancer, fibrosis (liver scarring), cirrhosis (everlasting scarring
and hardening of the liver), and finally liver failure. One in five people with NAFLD, according to experts,
will eventually develop NASH. The persistent inflammatory atmosphere within and around the liver may
ultimately end up in liver cancer if NAFLD is not treated. Thus, one of the major risk factors for liver cancer is
NAFLD. However, majority of people have limited access to costly HCC treatments such as targeted therapy,
immunotherapy, radiation therapy, and surgery*°. Addressing this rising prevalence of liver diseases necessitates
not only improved diagnostic modalities but also novel preventive and therapeutic strategies aimed at preserving
liver function and mitigating damage®~%.

In recent years, the concept of hepatoprotection has gained prominence as researchers and clinicians
recognize the importance of preserving liver health and function®!°. The quest for newer hepatoprotective
compounds may include exploration of traditional herbal remedies to synthetic pharmaceuticals'!~15.
Currently, there has been a growing focus on the study of phytochemicals as promising hepatoprotective
agents. The global market has approximately 600 commercially available herbal formulations acknowledged
for their hepatoprotective properties!'®!”. These phytochemicals offer a diverse array of mechanisms that
contribute to their hepatoprotective properties. Acting as antioxidants, anti-inflammatory, and stimulators of
liver regeneration; phytochemicals mitigate oxidative stress, inflammation, and damage within the liver!$-2°,
They enhance detoxification processes, shield the liver from hepatotoxic agents, and inhibit hepatic stellate cell
activation, crucial in fibrosis development?!,

One of the best examples is Silymarin, a composite of flavonolignans (silybin, isosilybin, silydianin, and
silychristin) from the dried seeds of Silybum marianum (milk thistle), well-known for its hepatoprotective
effects through modulation of liver biochemical markers, induction of Nrf2 (nuclear factor-erythroid 2-related
factor 2) expression, and anti-inflammatory properties’*?*. Another prominent example is phyllanthin
and hypophyllanthin, potent hepatoprotective lignans found in Phyllanthus niruri Linn., demonstrate
significant liver-protective properties against various toxins, including carbon tetrachloride and alcohol,
through mechanisms involving the inhibition of superoxide and hydroxyl radicals and lipid peroxidation®*.
Andrographis paniculata, known as the "king of bitters," contains active compounds such as andrographolide
and neoandrographolide, which exhibit hepatoprotective effects through antioxidant and anti-inflammatory
mechanisms®. Likewise, numerous herbs are documented for their hepatoprotective properties. However, it is
noteworthy that only a limited fraction of hepatoprotective plants and formulations within traditional medicine
have undergone rigorous pharmacological assessments?. The active constituents behind the hepatoprotective
effect of plants such as Phyllanthus amarus, Boerhavia diffusa, Eclipta alba, Picrorhiza kurroa, Solanum nigrum,
Tephrosia purpurea, Cichorium intybus, Embelia ribes, Aegle marmelos, Tinospora cordifolia, Terminalia arjuna,
Tamarix gallica, Cressa cretica, Clerodendrum infortunatum, and Fumaria officinalis are not well known.
Several phytoconstituents, including berberine, quercetin, kaempferol, resveratrol, ellagic acid, rutin, genistein,
lycopene, epigallocatechin gallate (EGCG), allicin, gingerol, boswellic acid, and ginkgolides, have not had
their mechanisms well studied despite their potential hepatoprotective effects?”. Thus, to address these gaps,
current research strategies should prioritize the scientific exploration of herbal-based medicines to uncover their
hepatoprotective mechanisms, safety profiles, and efficacy. By delving into the mysteries hidden within herbal
plants, we can unlock their full potential for liver health and develop novel therapeutic interventions. With
the aim of identifying novel compounds for hepatoprotection, this study employed a comprehensive approach
integrating advanced computational techniques, including network pharmacology, structure-based (molecular
docking), ligand-based (pharmacophore modeling) approaches, and virtual screening, with knowledge of
traditional herbal medicine (Fig. 1).

Material and methods

Selection of protein targets and construction of protein—protein interaction (PPI) network
Through an extensive review of existing literature, multiple proteins implicated in the development and
progression of liver disorders were identified. Protein—protein interaction studies were conducted using the
STRING 11.0 (https://string-db.org/) database?® to construct the protein network. By specifying ‘Multiple
Proteins’ as the selection criteria, the species was designated as ‘Homo sapiens, though all other factors were
maintained at default settings. Subsequently, the resulting protein—protein interaction network was imported
into Cytoscape V 3.7.2 (https://cytoscape.org/)? software for further analysis. This network was examined based
on a confidence score threshold of>0.7 to ensure high reliability. Utilizing the Network Analyzer tool within
Cytoscape, the networK’s topology was evaluated based on degree. Finally, core targets linked to liver diseases
were identified through the generated network.

Gene ontology (GO) and Kyoto encyclopedia of genes and genomes (KEGG) pathway
enrichment analysis

To explore the underlying biological processes, the major targets were subjected to GO and KEGG pathway
enrichment analysis utilizing the Database for Annotation, Visualization, and Integrated Discovery (DAVID,
https://david.ncifcrf.gov/)*. The signaling pathways recognized through GO and KEGG enrichment analysis
(www.kegg.jp/kegg/keggl.html)®!-> were rigorously assessed, with selection criteria based on a false discovery
rate (FDR) threshold of less than 0.05. As the FDR value decreases, the correlation between several targets within
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Fig. 1. Research strategy for the current study.

these signaling pathways and the pharmacological actions of the associated drug constituents becomes more
robust. The plots were generated using SRplot for visualization®*.

Selection of phytocompounds

Hepatoprotective plants used in commercially available polyherbal formulations were chosen for investigation.
Phytochemical constituents of these plants, known for their hepatoprotective properties, were identified through
an exhaustive review of existing literature across multiple electronic databases such as PubMed, Embase,
Web of Science, ScienceDirect, Google Scholar, etc. Our quest involved use of various keywords, including
“Hepatoprotection,” “Herbal Plants,” “Liver Disease,” “Phytoconstituents,” “Liver Health,” “Active Constituent,”
and “Hepatoprotective Activity” Emphasis was focused on identifying phytoconstituents with reported IC
values, and compounds tested on HepG2 cell lines were included to ensure data robustness.

Molecular docking studies
Docking studies were conducted utilizing Molsoft ICM-Pro V.3.9.2a (https://www.molsoft.com/icm_pro.html)3*
to investigate the interactions between hepatoprotective phytoconstituents and identified proteins.

Ligand preparation

The 2D structures of the selected phytoconstituents were initially generated using the ICM molecular editor
and compiled for docking. These structures were subsequently converted into their 3D formats by retaining
hydrogen atoms, correcting the orientations of amide bonds, and performing energy optimization using the
software built-in tools. Furthermore, 3D conformers of the compounds were generated and used for docking to
ensure accurate interpretation of their interactions with the target proteins.

Protein preparation

X-ray diffraction crystal structures of proteins were obtained from the RCSB (https://www.rcsb.org/) protein
database® and converted into ICM format. For the proteins with co-crystalized ligands, AKT1 (PDB ID: 7NH5),
TNF (PDB ID: 2AZ5), and mTOR (PDB ID: 4JT5); co-crystalized ligands were removed for optimization and
saved as separate objects. Docking was performed with the grid centered around the co-crystalized ligands,
keeping the target structures rigid while keeping the ligands flexible. For the proteins lacking co-crystalized
ligands, NF-kf1 (PDB ID: 1SVC) and INFARI (PDB ID: 3598); the ICM Pocket Finder module was utilized
for the identification of the ligand binding sites. This module employs a grid potential map based on Van der
Waals interactions between the receptor and ligand surface to locate potential binding pockets. Notably, the
identification process prioritized physical interactions over geometric criteria. The default settings of the ICM
pocket finder were maintained without alterations during the analysis.
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Molecular docking

Molecular docking of the selected proteins with the selected ligands was conducted using Molsoft ICM-Pro
V.3.9.2a. The docking parameters were set with a thoroughness level of 3 and the number of conformers set to
10. The optimal conformer was chosen based on docking results, and intermolecular interactions were analyzed.
Docking studies were validated through comparison of RMSD values®”*%.

Pharmacophore modeling

The ligand-based pharmacophore was constructed employing the common feature pharmacophore generation
protocol within Molsoft ICM-Pro V.3.9.2a (https://www.molsoft.com/icm_pro.html) software wherein top five
compounds identified from each docking experiments were chosen. The 3D structures of selected compounds
were flexibly superimposed, and a consensus Ph4 (Pharmacophore) model was subsequently generated
utilizing the APF (Atomic Property Field) tool. This approach facilitated the identification of shared structural
characteristics within the selected compounds, elucidating the presence and spatial arrangement of key
functional groups such as hydrogen bond donors, acceptors, lipophilic regions, and aromatic moieties®.

Virtual screening

Dataset generation is a crucial step in the screening process to identify optimal lead molecules. The ZINC database
(https://zinc.docking.org/)*" serves as a meticulously curated repository of commercially available chemical
compounds, offering comprehensive information on molecular weight, chemical structure, and physicochemical
properties relevant to interactions with biological macromolecules. With over 230 million purchasable entities
available in 3D format on its user-friendly website, the ZINC database is a valuable resource for virtual screening
studies. To construct a database for pharmacophore-based virtual screening, initially identified hepatoprotective
phytoconstituents were submitted to the ZINC database. With a Tanimoto similarity threshold set at 40%, hits
were retrieved from the “ZINC natural products” and “ZINC natural derivatives” subsets within the database.
Subsequently, a total of 1089 compounds meeting the specified criteria were selected for further screening.
The 3D conformers of these retrieved compounds were generated utilizing Molsoft ICM-Pro V.3.9.2a software,
enabling their subsequent screening against the generated pharmacophore model***.,

Molecular redocking of top hits with selected protein

The top 10 hits identified through pharmacophore-based virtual screening were subsequently redocked against
five selected protein targets using Molsoft ICM-Pro V.3.9.2a (https://www.molsoft.com/icm_pro.html). This step
aimed to validate the interactions between the identified phytoconstituents and the protein targets. To ensure
consistency and reliability of the results, the same rigorous protocol used in the initial molecular docking studies
was employed for the redocking process. This included setting the thoroughness parameter to 3, generating 10
conformers for each ligand, and using the same grid to dock the molecules, thereby allowing a comprehensive
assessment of the binding interactions and enhancing the reliability of the docking results*>~>".

Molecular dynamics simulation

MD simulations on the docked complexes of selected proteins with identified hits were conducted using
Desmond 2020.1 from Schrodinger, LLC. The simulations employed the OPLS-2005 force field*?-** and an
explicit solvent model with SPC (Simple Point Charge) water model in a periodic boundary solvation box of
10 Ax 10 Ax 10 A*. Na* ions were inserted to neutralize the system charge, and a 0.15 M NaCl solution was
included to simulate physiological conditions. The system was initially balanced using an NVT ensemble for
10 ns to stabilize the protein-ligand complexes. Subsequently, a short equilibration and minimization phase
using an NPT ensemble for 12 ns was followed. The NPT ensemble employed the Nose-Hoover chain coupling
scheme with a relaxation time of 1.0 ps, maintaining a temperature of 300 K and a pressure of 1 bar?®. A time step
of 2 fs was applied. Pressure control was managed using the Martyna-Tuckerman-Klein chain coupling scheme*’
with an additional time of 2 ps. Long-range electrostatic interactions were calculated with the particle mesh
Ewald method*®, with a Coulomb interaction radius set at 9 A. The ultimate production run was performed for
500 ns. To monitor the stability of the MD simulations, root mean square deviation (RMSD), radius of gyration
(Rg), root mean square fluctuation (RMSF), and the number of hydrogen bonds (H-bonds) were computed.

Binding free energy analysis

The Molecular Mechanics Generalized Born Surface Area (MM-GBSA) technique was utilized to estimate the
binding free energies of the ligand-protein complexes. The Prime MM-GBSA binding free energy was calculated
using the Python script thermal_mmgbsa.py on the simulation trajectory for the last 50 frames, with a 1-step
sampling size. The binding free energy (kcal/mol) was assessed utilizing the principle of additivity, where distinct
energy components such as coulombic, covalent, hydrogen bond, van der Waals, self-contact, lipophilic, and
solvation energies of both the protein and ligand were summed. The equation used to calculate AGy, , is as
follows:

AGhindg = AGym + AGsoiw — AGsa

where AGy, , specifies the binding free energy. AG,,,, specifies the difference between the free energies of
ligand-protein complexes and the total energies of protein and ligand in isolated form. AGg | specifies the
difference in the GSA solvation energies of the ligand-receptor complex and the sum of the solvation energies
of the receptor and the ligand in the unbound state. AGy, specifies the difference in the surface area energies for
the protein and the ligand®.
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ADMET and drug likeliness properties prediction

Pharmacokinetic and drug-likeliness properties of selected hits were identified through the SwissADME web
tool (http://www.swissadme.ch/)*. Toxicity prediction was performed using ADMETlab version 3.0 (https://ad
metlab3.scbdd.com/)>™.

Results
Protein—protein interaction (PPI) network
The protein—protein interaction (PPI) network was built using the String database, comprising 12 nodes and 30
edges (Fig. 2a), to encompass multiple proteins implicated in the development and progression of liver disorders.
The network view depicts the predicted connections for a specific group of proteins, where nodes denote proteins
and edges characterize predicted functional correlations. In Fig. 2a, the network is displayed in evidence mode,
with edges represented by seven distinctly colored lines: red, green, blue, purple, yellow, light blue, and black.
These colors represent the occurrence of fusion, neighborhood, co-occurrence, experimental, text mining,
database, and co-expression evidence, respectively. The generated PPI network shows multiple green and purple
lines, indicating strong neighborhood and experimental evidence of association. Additionally, the presence of
blue, light blue, and black lines indicates co-occurrence, database, and co-expression evidence, respectivelyzg.
The resulting PPI network was analyzed using Cytoscape software to generate an interaction network diagram
(Fig. 2b). In Cytoscape, the network is visualized in confidence mode, where the width of the lines represents the
degree of confidence in the predicted interactions. A lower confidence score indicates enhanced interactions but
also a higher likelihood of false positives. Interactions with a confidence score of 0.7 or higher were considered
highly accurate?. By selecting interactions with confidence scores between 0.7 and 0.9, a network diagram
comprising 11 nodes and 13 edges was obtained (Fig. 2¢c). Subsequently, the topological parameter, degree, was
assessed for all nodes within the PPI network. The degree centrality of a node is defined by its degree, which
is the number of edges linked to it. The presence of a higher degree indicates a more central node within the
network. Subsequent screening led to the identification of a core interaction network comprising 8 nodes and
10 edges (Fig. 2d). The core targets identified were AKT1, TNE NF-kf1, mTOR, INFARI, RAF1, PIK3CG, and
STAT2, as outlined in Table 1.
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Fig. 2. (a) Protein—protein interaction network of various targets, with color-coded nodes representing

individual proteins and colored lines denoting interactions between them; (b) Original input targets in the PPI
network visualized using Cytoscape; (c) Sub-filtered targets in the PPI network depending on the confidence
score (0.7-0.99); (d) Final network screened by degree centrality (4-9).
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protein code | Protein name UniProt ID | Score
AKT1 RAC-alpha serine/threonine-protein kinase P31749 9
TNF Tumor necrosis factor P01375 8
NF-kp 1 Nuclear Factor Kappa B Subunit 1 P19838 8
mTOR Mammalian target of rapamycin P42345 7
IFNARI1 Interferon alpha and beta receptor subunit 1 P17181 5
RAF1 Raf-1 proto-oncogene, serine/threonine kinase P04049 5
PIK3CG Phosphatidylinositol-4,5-bisphosphate 3-kinase catalytic subunit gamma | P48736 5
STAT2 Signal transducer and activator of transcription 2 P52630 4

Table 1. Top proteins in network ranked by Degree method.
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Fig. 3. GO and KEGG enrichment analysis of major targets. (a) The GO enrichment analysis categorized the
major targets into biological processes (BP); (b) The GO enrichment analysis categorized the major targets into
Cellular components (CC), and molecular functions (MF); (c) The KEGG enrichment analysis identified key
pathways involving the selected targets.

Gene ontology (GO) and Kyoto encyclopedia of genes and genomes (KEGG) pathway
enrichment analysis
To gain insights into the biological roles of the major targets identified, a total of eight key proteins were analyzed
by GO and KEGG enrichment analysis using the DAVID database. The GO analysis revealed that these targets
are primarily localized in the cytoplasm, cytosol, and plasma membrane, indicating their involvement in cellular
signaling and structural functions. The biological processes (Fig. 3a) in which these targets are involved include
inflammatory response, positive regulation of I-kappa B phosphorylation, positive regulation of lipid and nitric
oxide biosynthetic processes, positive regulation of nitrogen compound metabolic processes and peptidyl-serine
phosphorylation, and positive regulation of protein kinase B (AKT) signaling. Additionally, these targets are
implicated in the positive regulation of protein metabolic processes, protein phosphorylation, and transcription
from RNA polymerase II promoters. They are also involved in the negative regulation of apoptotic processes
and extrinsic apoptotic signaling pathways, as well as in gene expression and macroautophagy. The molecular
functions of these targets are focused on identical protein binding, protein kinase activity, protein serine/
threonine kinase activity, and ATP binding (Fig. 3b). These functions are essential for enzymatic activity, signal
transduction, and energy transfer within cells®>.

The KEGG enrichment analysis highlighted a comprehensive network of 25 signaling pathways associated
with liver disease and other related conditions, as depicted in Fig. 3c. Some of these pathways are crucial in
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the context of cancer and liver disease progression. Notable pathways include those involved in acute myeloid
leukemia, the Toll-like receptor signaling pathway, and the JAK-STAT signaling pathway, all of which play
crucial roles in immune response and inflammation. The phosphoinositide-3-kinase (PI3K)-Akt signaling
pathway and the PD-L1 expression and PD-1 checkpoint pathway in cancer are critical for regulating cell
survival, proliferation, and immune evasion mechanisms, particularly in oncogenesis. In addition to these,
the analysis identified pathways related to specific infections and chronic diseases, such as Kaposi sarcoma-
associated herpesvirus infection and the development of hepatitis B and C.

Selection of phytoconstituents

A curated selection of hepatoprotective herbs used in marketed polyherbal formulations was made, and
phytocompounds present in these herbs (40 molecules) with IC  values against HepG2 cell lines were chosen to
construct a pharmacophore model for further analysis (Table 2).

Molecular docking studies
Molecular docking studies were conducted to investigate the interactions between the set of selected 40
phytocompounds and the selected protein targets. Among the eight core targets identified through protein—

Sr.no | Hepatoprotective plant Chemical constituent IC,, (uM)

1 Tecomella Undulate® Betulinic Acid 239

2 Phyllanthus niruri** Phyllanthin 25

3 Silybum marianum™ Silymarin 145

4 Solanum glycoside-4 5.36+0.64

5 Solanum glycoside-5 17.33+1.28

6 Solanum nigrum®® Pinnate A 55.8+2.3

7 Swartiamarin B 10.10£2.12

8 Lytanthosalin 55.63+6.76

9 Apigenin 71.6+£4.3

10 6-a-L-(2"-caffeoyl) rhamnopyranosylcatalpol 49.2+2.0

11 Decaffeoylacteoside 67.5+£4.0

12 Eclipta alba® Acteoside 61.9+3.5

13 Buddejasaponin I 6.5+0.3

14 Ellipticine 0.34+0.07

15 Oleanolic acid 72.36

16 Ellagic acid 94.7

17 - Punicalagin 83.47

s Terminalia belerica®>-%° Gallic acid p—r

19 Sanguiin H-4 152.65

20 Cassia occidentalis®! Quercetin 24

21 Curcuma zedoaria® Curcumin 132.33

22 Terminalia chebula® Chebulagic acid 45.02

23 Cucumis sativus®t Cucurbitacin E 15.98+4.33

24 B-Sitosterol 28.98

25 B-sitosterol3-glucoside 434
Aphanamixis polystachya®®

26 1-O-B-glucopyranosyl-1, 4-dihydroxy-2-prenylbenzene | 70.58

27 6-Hydroxy-2,2-dimethyl-3-chromen 38.23

28 Rosmarinic acid 55.55
Ocimum santum®®

29 Ferulic acid 4030

30 Coumaric acid 4865

31 Caffeic Acid 3483

32 Samarone A 32.90+3.17

33 Samarone B 3.91+1.90

34 Samarone C 5.56+1.17

35 Aphanamixis polystachya® | Jambones E 7.78+1.78

36 Jambones F 7.70+1.26

37 Jambones G 1.73+0.66

38 Jamunone B 13.55+2.33

39 2-pentadecyl-5,7-didydroxychromone 14.00£1.68

40 Philinopside A 1.16+£0.24

Table 2. Hepatoprotective phytocompounds with their IC, values.
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protein interaction studies, the top five protein targets were selected for docking studies, including AKT1 (PDB
ID: 7NH5), TNF (PDB ID: 2AZ5), NF-kp1 (PDB ID: 1SVC), mTOR (PDB ID: 4JT5), and INFARI1 (PDB ID:
3598).

Docking with AKT1

The co-crystalized ligand (~ {N}-methyl-6-[4-[[4-[2-oxidanylidene-6-(propanoylamino)-3 ~ {H}-benzimidazol-
1-yl]piperidin-1-ylJmethyl]phenyl]-5-phenyl-pyridine-3-carboxamide) was redocked within the binding
pocket to validate the molecular docking analysis. The redocking yielded a docking score of -49.8 kcal/mol
with an RMSD value of 1.295, demonstrating high accuracy of the docking protocol (Fig. 4). Among the
selected phytocompounds, Quercetin, Apigenin, Curcumin, Acteoside, and Samarone B exhibited the highest
binding affinities for the target AKT1, with docking scores of -36.71, -31.92, -31.46, -30.03, and -29.66 kcal/
mole, respectively. Analysis of the binding interactions revealed common interaction types between the ligands
and AKT]I, predominantly involving hydrogen bonding and hydrophobic interactions (Table 3). Quercetin, for
instance, formed hydrogen bonds with Thr211 and Ser205 while engaging in hydrophobic interactions with
Leu210, Leu264, Lys268, Tyr272, and Asp292. Apigenin demonstrated hydrophobic interactions with Trp80,
Leu210, Leu264, Lys268, Val270, Tyr272, and Asp292, indicating a robust engagement with the hydrophobic
pockets of AKT1. The lack of hydrogen bonds suggests that the binding stability of Apigenin is mainly derived
through its extensive hydrophobic contacts. Curcumin exhibited both hydrogen bonding with Ala58 and
Asn204, along with hydrophobic interactions with several residues, including Leu210, Leu264, Lys268, and
Asp292. Similarly, Acteoside formed hydrogen bonds with Asn53, Trp80, Asn204, Thr211, and Tyr272, while
interacting hydrophobically with GIn79, Thr82, Leu210, Leu264, Lys268, Val270, and Asp292. Samarone B also
engaged in hydrogen bonding with Ser205 and hydrophobic interactions with GIn79, Leu210, Leu264, Lys268,
Tyr272, Arg273, Asp274, and Asp292.

Overall, the analysis revealed that Quercetin, Curcumin, and Acteoside exhibit both hydrogen bonding and
hydrophobic interactions, contributing to their high binding affinity with AKT1. In comparison, Apigenin and
Samarone B rely more on hydrophobic interactions, which are crucial for their binding stability. The consistent
involvement of Leu210, Leu264, Lys268, Tyr272, and Asp292 residues across multiple ligands underscores their
importance in ligand binding and stabilization within the AKT1 active site.

PP
* hbond
hydrophob

w

Fig. 4. Docking interaction of co-crystalized ligand and top hit with AKTI.
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Target

Interacting
Docking Score | amino Nature of
Name of ligand (kcal/mole) acid interaction

Asn54, Hydrogen
Glu8s Bond

Glul7,
1le84,
Arg86,
Leu210,
~ {N}-methyl-6-[4-[[4-[2-oxidanylidene-6-(propanoylamino)-3 ~ {H}-benzimidazol-1-yl] piperidin-1-yl] _498 Leu264,
methyl]phenyl]-5-phenyl-pyridine-3-carboxamide Lys268,
Val270,
Tyr272,
11e290,
Thr291,
Asp292,
Cys296

Hydrophobic

Ser205, Hydrogen
Thr211 Bond

Leu210,
Quercetin -36.71 Leu264,
Lys268, Hydrophobic
Tyr272,
Asp292

Trp80,

Leu210,
Leu264,
Apigenin -31.92 Lys268, Hydrophobic
Val270,
Tyr272,
Asp292

AKT1

Ala58, Hydrogen
Asn204 Bond

Asn53,
Ser56,
GIn59,
Curcumin —31.46 Cys77,
Leu78,
GIn79,
Leu210,
Leu264,
Lys268,
Asp292

Hydrophobic

Asn53,
Trp80,
Asn204,
Thr211,
Tyr272

Hydrogen
Bond

Acteoside -30.03 GIn79,
Thr82,

Leu210,
Leu264, Hydrophobic
Lys268,
Val270,
Asp292

Hydrogen

Ser205 Bond

GIn79,

Leu210,
Leu264,
Samarone B —29.66 Lys268,
Val270, Hydrophobic
Tyr272,
Arg273,
Asp274,
Asp292

Table 3. Docking score and interacting residues between AKT1 and selected ligands.

Docking with TNF

The accuracy of the docking approach in predicting ligand-protein interactions was confirmed through
validation experiments involving redocking of the co-crystalized ligand, (6,7-dimethyl-3-[(methyl{2-
[methyl({1-[3-(trifluoromethyl)phenyl]-1H-indol-3-yl}methyl)amino]ethyl}amino)methyl]-4H-chromen-4-
one) with the target TNF. This procedure produced a docking score of —19.5 kcal/mole with an RMSD value
of 0.972, demonstrating a close alignment between the expected and experimental binding poses (Fig. 5).
Among the tested compounds, Sanguiin H-4, Curcumin, Rosmarinic Acid, Jambones F, and Ellipticine revealed
the highest binding affinities to the target TNE with docking scores of —24.12, —23.88, —23.45, —21.72, and
—21.67 kcal/mole, respectively (Table 4). These scores indicate a strong potential for these compounds to interact
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Fig. 5. Docking interaction of co-crystalized ligand and top hit with TNE.
Docking score Nature of
Target | Name of ligand (kcal/mole) Interacting amino acid interaction
6,7-dimethyl-3-[(methyl{2-[methyl({1-[3-
(trifluoromethyl) phenyl]-1H-indol-3-yl}methyl) | —19.5 ﬁZTg;’ Tyrs9, Ser60, Gln61, Tyr119, Leu120, Gly121, Gly122, Tyr151, Hydrophobic
amino] ethyl}amino)methyl]-4H-chromen-4-one
Tyr151, Glyl121 Hydrogen Bond
Sanguiin H-4 -24.12 b Y yeros
Leu57, Tyr59, Tyr119, Leul20, Gly121, Leul20, Gly122, Val123, Leu55 | Hydrophobic
Curcumin —-23.88 Tyr59, Tyr119, Leul20, Gly121, Tyr151 Hydrophobic
Tyr119, GIn149 Hydrogen Bond
TNE Rosmarinic Acid —-23.45 b yeros
Leu57, Tyr59, Tyr119, Leul20, Gly121, Gly122, Ile155, Tyr151 Hydrophobic
Gly121 Hydrogen Bond
Jambones F -21.72 Leu55, Leu57, Tyr59, Ser60, GIn61, Ala96, Tyr119, Leu120, Gly121, Hvdrophobic
Gly122, Tyr151 yarop
Gly121 Hydrogen Bond
Ellipticine -21.67 Y o8
Leu 55, Leu 57, GIné61, Tyr119, Leul20, Gly121, Gly122, Val123, Tyr151 | Hydrophobic

Table 4. Docking score and interacting residues between TNF and selected ligands.

effectively with TNF, suggesting their potential as therapeutic agents for modulating TNF-related pathways in
hepatic disorders. The molecular docking analysis of the top five phytoconstituents and co-crystalized ligand
with TNF revealed common types of interactions that contribute to their binding affinity. All these compounds
demonstrated significant hydrophobic interactions with key amino acid residues in the TNF binding site, for
example, Leu57, Tyr59, Tyr119, Leul20, Gly121, Gly122, and Tyr151. These interactions display a crucial role in
stabilizing the compounds within the binding pocket of TNF by maximizing van der Waals forces. Additionally,
hydrogen bonding was also observed in some compounds, contributing further to binding affinity and specificity.
For instance, Sanguiin H-4, Rosmarinic Acid, Jambones F, and Ellipticine all formed hydrogen bonds with
Gly121, enhancing their interaction with TNE These consistent interaction patterns across different compounds
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highlight the critical role of hydrophobic interactions supplemented by hydrogen bonds in achieving strong
binding affinity with TNE thereby supporting their potential as effective hepatoprotective agents.

Docking with NF-kp1

To identify the ligand binding sites on the NF-kB1 protein (PDB ID: 1SVC), the ICM Pocket Finder module
was employed. This module utilizes computational algorithms to predict potential binding pockets within the
protein structures. Subsequently, the top-ranked pocket exhibiting the highest drug-like density and volume
was chosen as the active site for molecular docking studies. Among the selected phytocompounds, Ellagic acid,
Caffeic acid, Rosmarinic acid, Quercetin and Gallic acid exhibited the highest binding affinity, as evidenced
by their dock scores of —29.14, —24.98, —24.39, —22.76, and —21.54 kcal/mole, respectively. Docking scores,
binding interactions, and the nature of interactions between these molecules and NF-kf1 have been presented
in Table 5 and Fig. 6 respectively. The binding analysis reveals that both hydrogen bonding and hydrophobic
interactions play crucial role by which these phytocompounds engage in interactions with NF-kp1. Hydrogen
bonds with Gly68, Arg57, and Ile142 residues provide stability, while hydrophobic interactions with residues
such as Phe56, Arg59, Valll5, Glyl41, and Ile142 enhance binding affinity.

Docking with mTOR

To ensure the accuracy of docking results, the co-crystalized ligand, (2-[4-amino-1-(propan-2-yl)-1H-
pyrazolo[3,4-d]pyrimidin-3-yl]-1H-indol-5-ol), was redocked with mTOR revealing a favorable docking score
of —40.6 kcal/mole. The close alignment between the predicted and experimental ligand binding poses, with an
RMSD value of 0.571, confirmed the accuracy of the docking results in predicting ligand-protein interactions.
The molecular docking analysis with mTOR identified Quercetin, Apigenin, Sanguiin H-4, Caffeic Acid, and
Ferulic acid as the top-performing phytoconstituents in terms of their binding affinity to the target, with
respective dock scores of —34.75, —32.93, —32.39, —31.45, and —29.12 kcal/mole. Detailed information on
docking scores, binding interactions, and the nature of interactions between these phytoconstituents and mTOR
is provided in Table 6 and Fig. 7 respectively. Analyzing the interaction profiles, hydrogen bonds were frequently
formed with key residues such as Gly2238 and Val2240, facilitating stable ligand-protein complex formation.
Additionally, hydrophobic interactions were observed with residues like Leu2185, Lys2187, Tyr2225, I1e2237,
Met2345, and Ile2356, contributing to the overall binding affinity of the compounds to mTOR.

Docking with IFNAR1

The ligand binding sites of IFNAR1 protein (PDB ID: 3598) were identified using the ICM Pocket Finder module,
which employs computational algorithms to predict potential binding pockets within protein structures. After
rigorous analysis, the top-ranked pocket, characterized by its notable drug-like density and volume (441.7°A),
was designated as the active site for subsequent molecular docking experiments. Notably, among the selected
phytocompounds, including Quercetin, Apigenin, Ferulic acid, Curcumin, and Coumaric acid, the molecular
docking results revealed remarkable binding affinities (Table 7). Specifically, Quercetin exhibited the highest
docking score of —27.21 kcal/mole, followed by Apigenin with —23.25 kcal/mole, Ferulic acid with —22.26 kcal/
mole, Curcumin with —21.97 kcal/mole, and Coumaric acid with —21.61 kcal/mole (Fig. 8). The analysis
highlights the importance of hydrogen bonding and hydrophobic interactions in mediating the binding between
these phytoconstituents and IFNAR1. Remarkably, Lys161 and Tyr163 residues appear to play pivotal roles in
facilitating hydrogen bonding interactions across multiple compounds, while residues like Tyr157 and His160
contribute significantly to hydrophobic interactions. This detailed examination sheds light on the diverse
interactions through which these phytocompounds interact with IFNARI, offering valuable information for
further exploration in hepatoprotective applications.

Pharmacophore modeling

Using Molsoft ICM-Pro V.3.9.2a software, we constructed a ligand-based pharmacophore utilizing the common
feature pharmacophore generation protocol. To achieve this, we selected the top five molecules from each
docking study, including Quercetin, Apigenin, Curcumin, Acteoside, Samarone B, Sanguiin H-4, Rosmarinic
Acid, Ellipticine, Jambone E, Caffeic Acid, Gallic Acid, Ellagic Acid, Ferulic Acid and Coumaric Acid. Their 3D

Target | Name of ligand | Docking score (kcal/mole) | Interacting amino acid Nature of interaction
Lys147, Lys148 Hydrogen Bond
Ellagic Acid -29.14 th 2k yarog
Tyr60, Thr146 Hydrophobic
Gly68, Arg57, Arg59 Hydrogen Bond
Caffeic Acid —24.98 Y 8 & s
Phe56, Phe58, His67, Vall15, Glyl141, Ile142 Hydrophobic
Lys52, Arg57 Hydrogen Bond
NF-kp1 | Rosmarinic Acid | —24.39
Gly55, Phe56, Phe58, Arg59, His67, Gly68, Vall15, Glyl41, Ile142 | Hydrophobic
Val61, Gly68 Hydrogen Bond
Quercetin -22.76
Phe56, Arg59, Gly64, Pro65, Vall15, Gly141, Ile142, Leul43 Hydrophobic
Pro65, Gly68, Ile142 Hydrogen Bond
Gallic acid -21.54
Phe56, Arg59, His67, Val115, Gly141, Leul43 Hydrophobic

Table 5. Docking score and interacting residues between NF-kP1 and selected ligands.
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Fig. 6. Docking interaction of top two ligands with NF-kp1.
Asp2195, Gly2238, Val2240 gzg;"ge“
2-[4-amino-1-(propan-2-yl)-1H-pyrazolo|[3,4-d]pyrimidin-3-yl]-1H-indol-5-0l | —40.6
prop Y by Py Y 11e2163, Leu2185, Lys2187, Tyr2225, 112237, Hydrophobic
Thr2245, Met2345, 11e2356, Asp2357 yArophobl
Hydrogen
Gly2238, Val2240 Bond
Quercetin —34.75
Leu2185, Lys2187, Tyr2225, Ieu2237, Met2345, Hydrophobic
Tle2356, Asp2357 yarop
Hydrogen
Asp2357, Val2240 Bond
Apigenin -32.93
Leu2185, Lys2187, Tyr2225, 11e2237, Met2345, Hydrophobic
mTOR Tle2356 yarop
Hydrogen
Gly2238, Val2240 Bond
Sanguiin H-4 -32.39 11e2163, Leu2185, Tyr2225, 11e2237, Trp2239,
Cys2243, Asp2244, Thr2245, Ala2248 Met2345, | Hydrophobic
1le2356
Val2240, Thr2245 Hydrogen
Caffeic Acid -3145 Bond
Leu2185, Asp2244, Met2345 Hydrophobic
Val2240, Thr2245 Hydrogen
Ferulic Acid -29.12 Bond
Leu2185, Cys2243, Asp2244, Met2345, 1le2356 | Hydrophobic

Table 6. Docking score and interacting residues between mTOR and selected ligands.
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Fig. 7. Docking interaction of co-crystalized ligand and top hit with mTOR.

Target | Name of ligand | Binding energy (kcal/mole) | Interacting amino acid Nature of interaction
Lys296, Lys161, Tyr163 Hydrogen Bond
Quercetin -27.21 2k th b yeros
Tyr157, His160, Phe238, Arg241, Glu294 Hydrophobic
Lys161, Tyr163 Hydrogen Bond
Apigenin -23.25 th b s
Tyr157, His160, Ala237, Phe238, Arg241, Leu277, Glu294 Hydrophobic
Lys240, Tyr163 Hydrogen Bond
IFNARI | Ferulic Acid —22.26
Tyrl57, Argl59, His160, Arg241 Hydrophobic
Argl59 Hydrogen Bond
Curcumin -21.97
Glul105, Val106, His107, His118, Ile119, Ser120, Phel36, Tyr138, Ser158, Asn242 | Hydrophobic
Lys240, Tyr163 Hydrogen Bond
Coumaric acid | -21.61 th b o8
Tyr157, Argl59, His160 Hydrophobic

Table 7. Docking score and interacting residues between IFNARI and selected ligands.

structures were flexibly superimposed, allowing for the identification of shared structural characteristics among
the selected compounds. Subsequently, a consensus PH4 (pharmacophore) model was generated utilizing the
APF tool, facilitating the elucidation of the presence and spatial arrangement of key functional groups, including
hydrogen bond donors (volume: 288°A), indicated in blue; acceptors (volume: 1422°A), in red; lipophilic regions
(volume: 646°A), in yellow; and aromatic moieties (volume: 4376°A in grey. Figure 9 illustrates the spatial
arrangement of these features within the consensus PH4 model, offering a visual representation of the ligand-
binding landscape.

Virtual screening

Virtual screening was executed using the Molsoft ICM-Pro V.3.9.2a software against the ZINC natural products
and ZINC natural derivatives subsets within the ZINC database. A ligand-based pharmacophore approach was
employed to screen a total of 1089 compounds for their hepatoprotective activity. Out of the screened compounds,
10 were identified as potential hits based on their predicted scores. Pharmacophore mapping revealed that the
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Fig. 8. Docking interaction of top two ligands with IFNARI.

Lipophilic
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Fig. 9. Key pharmacophoric features of the developed model.

hit compounds aligned well with the generated pharmacophore features, indicating their potential to interact
with key molecular targets involved in hepatoprotection. Hit compounds exhibited diverse chemical structures,
with common structural motifs including aromatic rings, hydrogen bond acceptors, hydrogen bond donors, and
lipophilic portions. The detailed structures, predicted scores, and ZINC IDs of the hit compounds are provided
in Table 8 and Fig. 10.

Molecular redocking of top hits with selected proteins

The results of molecular redocking studies against the selected protein targets revealed promising interactions
between the identified phytocompounds and the protein binding sites. All the compounds displayed comparable
binding scores comparable to the set of molecules used to build the pharmacophore model, validating the
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ZINC4731234

Fig. 10. Superposition of identified molecules on key pharmacophoric features of the developed model.

1 ZINC59587610 -26.28 | —-22.08 | -24.41 |-26.50 | -17.92

2 ZINC70454608 [(2S,5E)-2-(3,4-Dihydroxybenzyl)-6-(3,4-dihydroxyphenyl)-4-oxo-5-hexenoic acid] | -29.51 | -24.51 | -28.25 |-27.81 | —20.65

3 ZINC40940113 [(1E)-7-Hydroxy-1,7-bis(4-hydroxy-3-methoxyphenyl)-1-heptene-3,5-dione] -24.50 | -20.57 |-18.32 |-20.38 | -15.31
ZINC95909973

4 [1-(3,4-Dihydroxyphenyl)-1,3-dihydroxy-2-propanyl (2E)-3-(3,4-dihydroxyphenyl) acrylate] =29.06 | =2376 | =27.19 | =2557 | -17.25
ZINC4731234

5 [2-(3,4-dihydroxyphenyl)-3,5,7-trihydroxy-8-methyl-4H-chromen-4-one] —37.45 | -2413 | -23.60 | -3568 | -20.62
ZINC5998596

6 [3-O-Methyl quercetin] -32.77 | -22.44 | -24.73 | -29.54 | -22.48

7 ZINC35859102 -29.23 | -21.37 | -18.69 | -22.46 | —20.51

8 ZINC5784821 [Quercetagetin] -36.80 | -24.29 | -24.61 |-36.10 | -23.99

9 ZINC14436469 [5'-Hydroxymorin] —35.98 |-23.06 | -37.79 | -32.00 | —24.12

10 ZINC1903857764 [Demethoxy curcumin] —22.32 | -21.90 |-23.01 |-21.55 |-19.47

Table 9. Dock score between selected ligands with proteins.

capability of the pharmacophore model to identify hits with high binding affinities across multiple protein
targets (Table 9).

Among the identified hits, the compound (2S,5E)-2-(3,4-Dihydroxybenzyl)-6-(3,4-dihydroxyphenyl)-4-oxo-
5-hexenoic acid (ZINC70454608) demonstrated strong binding affinities with docking scores of —29.51 kcal/
mole for AKT1, —28.25 kcal/mole for NF-kp1, and —27.81 kcal/mole for mTOR (Fig. 11). Similarly, the molecule
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ZINC14436469 [5'-Hydroxymorin] showed significant binding affinities with docking scores of —35.98 kcal/
mole for AKT1, —37.79 kcal/mole for NF-kB1, and —32.00 kcal/mole for mTOR (Fig. 12).

Both compounds exhibited hydrogen bonds and hydrophobic interactions with specific amino acids in each
target, mirroring the interactions of the molecules used to generate the pharmacophore model (Table 10). These
consistent interactions across different proteins highlight the potential of these compounds to modulate key
pathways implicated in hepatic disorders, suggesting their potential as multi-targeted therapeutic candidates for
liver diseases.

Molecular dynamics simulation

Following a thorough analysis of docking results, the complexes, hit 2 (ZINC70454608) and 9 (ZINC14436469)
with the highest predictive binding energy with the proteins AKT1 (PDB ID: 7NH5), TNF (PDB ID: 2AZ5),
NF-kp1 (PDB ID: 1SVC), mTOR (PDB ID: 4JT5), and IFNARI (PDB ID: 3598) were selected for Molecular
Dynamics (MD) simulations. The overall stability of these complexes was assessed over a 500 ns simulation
period by analyzing root-mean-square deviation (RMSD), root-mean-square fluctuations (RMSF), radius of
gyration (ROG), and intramolecular hydrogen bonding, which is sufficient to observe the stable configurations
of backbone atoms in complex with the lead compound.

Root mean square deviation (RMSD)
In MD simulations, RMSD indicates the stability of a protein by measuring the deviation in the structure of the
protein or protein-ligand complex compared to the initial docking structure. The results of MD simulations of
hit 2 and 9 with the different proteins revealed that all complexes exhibited stable behavior, as indicated by the
RMSD values (Supplementary Fig. S1). Among the five selected proteins, hit 2 exhibited stable behavior with
mTOR (average RMSD ~3.99 A) when compared to NF-kB1 (average RMSD ~6.4 A). The RMSD of mTOR-hit
2 complex was stable around 3.99 A during the simulation time of 500 ns, signifying that the complex did not
experience large conformational fluctuations (Fig. 13a). Furthermore, ligand RMSD stabilized around 3.2 A
up to 350 ns, which was suddenly raised to 5.6 A and again after dropped to 4.0 A at the end of the simulation,
suggesting that the ligand is stably bound to the protein binding site and has not diffused away from the bound
position (average RMSD ~3.51 A). The RMSD of mTOR- co-crystalized ligand complex was stable around 4.4 A
during the simulation time and ligand RMSD stabilized around 2.8 A, validating stability of docked complex
(Supplementary Fig. S2).

The MD simulation findings for hit 9 with the five studied proteins showed that the NF-kB1-Hit 9 complex
demonstrated the least stability, while the AKT1-hit 9 complex demonstrated the most stable behavior among all

ZINC70454608 [(2S,5E)-2-(3.4-Dihydroxybenzyl)-6-(3.4-dihydroxyphenyl)-4-oxo-5-hexenoic acid]

Focnd
Pydrophob
Peons v
nydopha

42

NF-kB1 (1SVC)

it
hecod
hydophct.

TNF (2AZ5)

......

INFARI (3598)

Fig. 11. Binding interactions of (2S,5E)-2-(3,4-Dihydroxybenzyl)-6-(3,4-dihydroxyphenyl)-4-oxo-5-hexenoic
acid [ZINC70454608] with selected proteins.
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Fig. 12. Binding interactions of ZINC14436469 [5'-Hydroxymorin] with selected proteins.
AKTI (7NHS) 2951 Thr82, Trp80, Asn204, Ser205 Hydrogen Bond
' GIn79, Leu210, Leu264, Lys268, Val270, Tyr272, Asp292 Hydrophobic
INF (2AZ5) 251 Lys98, Tyr119 Hydrogen Bond
’ Ala96, Leul20 Hydrophobic
ZINC70454608 [(2S,5E)-
2-(34-Dihydroxybenzy)- | \p o) (19vC) | -28.25 Gly6s, Asn139 Hydrogen Bond
i»(SA-;ilEydroxyphe%}]fl)- ’ Pro65, Pro71, Lys80, Tyr82, Gly116, Gly141 Hydrophobic
-0x0-5-hexenoic aci
TOR (4]T5) 2781 Val2240 Hydrogen Bond
m -27.
Leu2185, Lys2187, Tyr2225, 11e2237, Cys2243, Met2345, 11e2356, Asp2357 | Hydrophobic
Lys161, Arg241, Tyr157 Hydrogen Bond
INFARI1 (3598) | —20.65
Tle156, Leu277, Glu294 Hydrophobic
AKTI (7NHS) 3598 Ser205, Thr211 Hydrogen Bond
' Leu210, Leu264, Lys268, Tyr272, Asp292 Hydrophobic
INF (2425) 23,06 Gly121 Hydrogen Bond
5 —23.
Leu55, Tyr59, Tyr119, Leul20, Tyr151 Hydrophobic
ZINC14436469 NE-KB1 (1SVC) | 3779 Val61, Arg57, Gly68 Hydrogen Bond
[5-Hydroxymorin] ’ Phe56, Phe58, Arg59, Gly64, Pro65, His67, Vall15, Glyl41, Tle142, Leul43 | Hydrophobic
TOR (4]T5) 32,00 Val2240 Hydrogen Bond
m -32.
Leu2185, Lys2187, Tyr2225, 11e2237, Met2345, 1le2356, Asp2357 Hydrophobic
INFARL (3898) | 2412 Lys161, Tyr163 Hydrogen Bond
' Tyr157, Glu293, Glu294 Hydrophobic

Table 10. Docking score and interacting residues between selected ligands and proteins.
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Fig. 13. MD simulation data of mTOR-hit 2 complex: (a) RMSD plot; (b) RMSF plot; (c) RoG plot; (d)
Protein-ligand interaction histogram plot; (e) Schematic presentation of protein-ligand interactions.

the complexes (Fig. 14a). For AKT1 in the presence of hit 9, the RMSD fluctuated from 1.8 to 2.6 A over the first
100 ns, then stabilized around 2.8 A until 400 ns, after which it increased slightly to 3.2 A but remained stable till
the end of simulation. The RMSD of the ligand in complex with AKT1 was stable around 3.0 A for initial 200 ns,
then stabilized around 2.5 A until end of simulation indicating the overlapping of ligand and protein backbone
with the formation of a stable complex. The RMSD of the AKT1-co-crystallized ligand complex remained stable
at approximately 3.0 A throughout the simulation, while the ligand RMSD stabilized around 2.4 A, confirming
the stability of the complex and the reliability of the simulation process (Supplementary Fig. S3).

Overall, the mTOR-hit 2 and AKT1-hit 9 complexes were the most stable among the studied protein-
ligand pairs, as reflected by their stable RMSD values throughout the simulation period, indicating minimal
conformational changes and strong binding interactions, which can be correlated with potential high biological
activity. These findings suggest that hit 2 and hit 9 are promising candidates for further development as inhibitors
of mTOR and AKT]1, respectively, offering potential therapeutic applications.

Root mean square fluctuation (RMSF)

The RMSF value of a protein is typically measured to assess variations in the side chains of the protein due
to ligand binding. The RMSF plot represents structural regions of the protein with vertical bars: brown for
a-helices, teal for B-sheets, and white for loop regions. Additionally, green lines perpendicular to the X-axis
indicate the amino acid residues interacting with the ligand. Peaks in the plot denote areas of the protein that
exhibit the most fluctuation during the simulation. Generally, the N-terminal and C-terminal tails fluctuate
more than other parts of the protein. The RMSF plots of the contact between ligands and the protein residues
are provided in Supplementary Fig. S4. The RMSF values of the protein backbone residues of the mTOR-hit
2 complex over a 500 ns period ranged from 5.9 to 1.5 A, with some residues exhibiting higher flexibility
(Fig. 13b). Notably, significant fluctuations were observed in residues Ser1558, Leul559, Alal560, Argl6l11,
Lys1867, Ser2091, and Asn2093 with RMSF values of 8.12 A, 7.78 A, 6.743 A, 6.236 A, 6.231 A, 6.791 A, and
6.717 A, respectively, indicating higher flexibility in these regions. Additionally, the RMSF plot shows that the
green lines, which represent the interacting amino acid residues, differ from the highly fluctuating residues,
supporting the validity of the results. The average RMSF value for AKT1 upon binding of Hit 9 is 1.22 A, with
all binding cavity residues fluctuating within a range of 0.4-8.06 A. This indicates fluctuation with relative
secondary conformational stability of the protein upon binding of the lead compound. The RMSF plot of the
AKT1-Hit 9 complex, displayed in Fig. 14b, shows the highest fluctuations in the residues GIn43, Asp44, Lys111,
Asn204, Phe442, and Thr443, which did not interact with the ligand.

Radius of gyration (ROG)

With the aim of evaluating the stability of the ligands within the binding pockets of proteins over a 500 ns
simulation period, the radius of gyration (ROG) was also investigated (Supplementary Fig. S5). The ROG value
indicates how stretched a ligand is, which corresponds to its primary moment of inertia. Hit 2 and Hit 9 showed
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Fig. 14. MD simulation data of AKT1-hit 9 complex: (a) RMSD plot; (b) RMSF plot; (c) RoG plot; (d)
Protein-ligand interaction histogram plot; (e) Schematic presentation of protein-ligand interactions.

ROG values ranging from 4.439 to 5.407 A and 3.83-4.022 A, respectively, in the complexes with mTOR and
AKT1 (Figs. 13c and 14c). Despite minor variations, the ROG values remained within these particular ranges,
suggesting structural stability. This suggests that the proteins maintained their integrity while undergoing
conformational changes, supporting the potential effectiveness of these ligand-protein interactions.

Hydrogen bonding

Protein-ligand interaction analysis of hit 2 and hit 9 with the selected proteins revealed that hydrogen bonding
was the primary stabilizing force in the complexes (Supplementary Fig. S6). For the mTOR-hit 2 complex, the
total number of contacts between mTOR and Hit 2 varied between 1 and 7 throughout the simulation. Key amino
acid residues involved in hydrogen bonding with hit 2 included Lys2171, Trp2239, Val2240, and Asp2357, which
formed bonds for 100% of the simulation time, and Lys2187, which formed bonds for 75% of the simulation
time (Fig. 13d). Additionally, Leu2185, Asp2195, and Ile2356 were involved in hydrophobic interactions with
hit 2 for 75% of the simulation time (Fig. 13e). The AKT1-hit 9 complex, the number of contacts between the
protein and ligand ranged from 1 to 7 (Fig. 14d). Hydrogen bonds were formed with amino acid residues GIn79,
Thr211, and I1e290. Hydrophobic interactions were observed with Trp80 for 100% and Leu210, Val270 for 40%
of the simulation time (Fig. 14e). The dynamic nature of the varying number of hydrogen bonds highlights the
flexibility of the interactions, showcasing alternating periods of stability.

Solvent accessible surface area (SASA)

SASA are calculated to monitor the stability of the MD simulations. The SASA plots reveal the extent of solvent
exposure for the unbound and bound receptor states. The reduction in SASA upon ligand binding confirms the
structural stabilization of the receptor ligand complex. The SASA analysis highlight that AKT1-co crystalized
ligand complex (7nh5_UCB502) shows the largest SASA reduction, indicating most stable complex (Fig. 15).

Molecular mechanics generalized born surface area (MM-GBSA) calculations

Using the Molecular Mechanics Generalized Born Surface Area (MM-GBSA) approach, the binding free
energies of the protein-ligand complexes were computed in order to provide understanding into the strength
and stability of the interactions. The MMGBSA results for the complexes of hit 2 and hit 9 with the five target
proteins: AKT1, TNE NF-kf1, mTOR, and IFNARI are presented in Supplementary Table T1.

The results in Table 11 indicate that complexes 4]JT5_P2X, 7nh5_UCB502, 7nh5_AKT1 and 4JT5_WmTOR
exhibited AG,, , of —56.45 kcal/mol, ~76.89 kcal/mol, —32.41 kcal/mol and —-61.69 kcal/mol respectively. The
electrostatic interactions (AG,; ;Coulomb) show the strongest contribution for 7nh5_AKT1 (-99.90 kcal/mol),
whereas 4]JT5_P2X (—20.24 kcal/mol) (- 61.55 kcal/mol) and 4JT5_WmTOR has a moderate contribution. The
complex 7nh5_UCB502 (- 7.58 kcal/mol) show least electrostatic interactions. Covalent interactions contribute
minimally to binding, and hydrogen bonding is relatively weak. Lipophilic interactions favor 7nh5_UCB502
the most while 7nh5_AKT1 exhibits the least contribution. Vander Waals interactions play significant role,
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Fig. 15. MD simulation analysis of 1000 Frame work of Solvent accessible surface area: (a) mTOR-co
crystalized ligand complex (4] T5_P2X); (b) AKT1-co crystalized ligand complex (7nh5_UCB502); (c) AKT1-
hit 9 complex (7nh5_AKT1); (d) mTOR-hit 2 complex (4JT5_WmTOR).

mTOR-hit
2 complex
mTOR-co crystalized ligand | AKT1-co crystalized ligand complex (4JT5_
Energies (kcal/mol) | complex (4JT5_P2X) (7nh5_UCB502) AKT1-hit 9 complex (7nh5_AKT1) | WmTOR)
AGbind -56.45+2.17 -76.89+5.00 —32.41+3.33 —61.69+3.64
AGbdeOulomb -20.24%£1.95 -7.58+6.62 -99.90+7.46 -61.55+5.28
AG, Covalent 0.94+0.72 1.93+0.84 1.01+0.35 3.28+1.10
AGbindeond -2.03£0.10 -0.73+£0.16 -2.10£0.24 —5.08£0.66
AGbmdLipo —14.51£0.55 -31.60+£1.87 -9.62+0.66 —19.93+0.98
AG,, Packing ~4.58+0.75 ~4.09+0.52 ~0.19+0.27 ~0.73+0.16
l)mdSolvGB 2891+2.16 40.99+6.11 116.99+£5.26 62.16+4.37
AG, VAW -44.93+127 ~75.82£2.39 -38.60+2.50 -39.83+2.21

Table 11. Post dynamic-MMGBSA based Binding free energy for the protein ligand complexes. 4]JT5_P2X,
7nh5_UCB502, 7nh5_AKT1 and 4JT5_WmTOR calculated by MM-GBSA.

particularly in 7nh5_UCB502 and 4)JT5_P2X. Solvation energy destabilizes complexes. Overall, 7nh5_UCB502
has the most stable binding due to strong Vander Waals and lipophilic interactions, coupled with relatively
moderate solvation penalties. On other hand, 7nh5_AKT1 shows weak binding, due to desolvation penalty,
despites favorable electrostatic interactions.

ADMET and drug likeliness properties prediction

The ADMET and drug-likeliness properties of the hits 2 and 9 were listed in Table 12. Based on the predicted
results, both compounds met the standards for drug-like properties and molecular characteristics, with only
minor violations in some criteria, which are considered acceptable.

The drug-likeness properties of hit 2 (Table 12) indicate compliance with Lipinski, Ghose, and Veber’s
rules, with a single violation of lead likeliness due to its molecular weight, which exceeds the accepted value
of 350. Pharmacokinetics data indicated good absorption, plasma protein binding (92.29%), and a significant
volume of distribution (0.388). The compound does not inhibit cytochrome P450, indicating that it is unlikely
to interfere with the metabolic processes mediated by these enzymes. However, the compound is identified as a
substrate for P-gp and a non-inhibitor of P-gp, indicating it does not interfere with the P-glycoprotein-mediated

Scientific Reports |

(2025) 15:8425

| https://doi.org/10.1038/s41598-025-92868-y nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Sr. no ‘ Description Hit 2 Hit 9
Physicochemical properties

1 Molecular formula C,H 50, C;H,,O,

2 Molecular weight (g/mol) 358.34 318.24

3 Hydrogen bond acceptors count 7 8

4 Hydrogen bond donors count 5 6

5 Rotatable bonds count 7 1

6 Topological polar surface area 135.29 151.59
Pharmacokinetic parameters

Absorption

7 Caco-2 permeability -5.43 -5.566

8 MDCK permeability 5e-06 6e-06
Distribution

9 PPB (Plasma Protein Binding) 92.29% 93.13%

10 VD (Volume Distribution) 0.388 0.61

11 BBB penetration (Blood-Brain Barrier) | 0.016 0.01

12 FU (The fraction unbound in plasma) 1.822% 9.162%
Metabolism

13 CYP inhibitor No No

14 P-gp inhibitor No No

15 P-gp substrate Yes Yes
Excretion

16 CL (Clearance) 16.272 9.358

17 TV, (Half-life) 0.953 0.935
Bioavailability

18 Bioavailability score 0.56 0.55
Drug-likeness Properties

19 NP score (Natural product likeness) 3.196 1.743

20 Lipinski rule 0 Violation(s) | 1 Violation(s)
21 Ghose 0 Violation(s) | 0 Violation(s)
22 Veber 0 Violation (s) | 1 Violation(s)
23 Lead likeness 1 Violation(s) | 0 Violation(s)

Toxicity parameter
24 hERG blockers — _—
25 H-HT (hepatotoxicity) - -—

26 Carcinogenicity + N
27 Eye corrosion/irritation - —
28 Respiratory toxicity —_— _—
29 Acute toxicity rule — N

Table 12. ADMET and drug likeliness properties of the hit 2 and hit 9. In this table, prediction probability
values are represented by six symbols: 0-0.1 (——-), 0.1-0.3 (=), 0.3-0.5 (-), 0.5-0.7 (+), 0.7-0.9 (++), and
0.9-1.0 (+++). Here, ——— indicates an excellent outcome, while +++ signifies the worst case.

transport of other drugs. In the case of hit 9, it obeyed Ghose rule, with one exception in Lipinski and Veber’s
rules. Hit 9 shows hydrogen bond donor capacity of 6, exceeding the accepted count of 5. Hit 9 displayed a
metabolic profile similar to that of hit 2. With a few exceptions, both compounds exhibited bioavailability that
generally met drug-likeness criteria and fell within the medium range (T1/2<3). In toxicity prediction, both
compounds demonstrated non-toxic characteristics in several organs, including the kidneys, liver, skin, and
eyes. They do not pose immediate acute toxicity risks at typical exposure levels. The low score for carcinogenicity
indicates a reduced risk of cancer, while the low score for non-biodegradability suggests minimal concerns about
environmental toxicity and supports its utility for sustainable development.

Discussion

The integration of artificial intelligence (AI) into the field of natural product research has opened new avenues
for understanding the mechanistic pathways of bioactive constituents present in traditional medicines®.
Moreover, modern analytical tools such as, Flash Chromatography, Liquid Chromatography-Mass Spectroscopy
(LC-MS), High Performance Thin Layer Chromatography (HPTLC) are being widely applied in research to
help identify the bioactives that are responsible for biological efficacy®. In addition to these tools, the growing
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use of network pharmacology and computational studies is rapidly advancing research paradigms to a newer
level”. Notable studies, such as those by Sarkar et al.”! investigated the pharmacological mechanisms of herbal
plants for treating hepatic disorders using network pharmacological analysis. Similarly, Ouyang et al.”> used
network pharmacology to study the pharmacological mechanisms of Wuzhuyu decoction, which comprises
of four herbs, for hepatocellular carcinoma. These studies highlight the power of computational approaches
in elucidating the multi-targeted and multi-pathway mediated activities of herbs. Although current research
is increasingly focused on exploring the mechanistic aspects of hepatoprotective herbs, it is worth noting that
the majority of hepatoprotective plants and formulations within traditional medicine have not been extensively
studied or investigated in detail till date. This gap highlights the need for extensive and systematic scientific work
to validate and expand the understanding of their therapeutic potential. In response to this need, we integrated
cutting-edge computational techniques with traditional herbal knowledge to uncover potential hepatoprotective
compounds.

The protein—protein interaction network is a key to understanding the working of protein in a coordinated
manner within cells to perform various functions. Analysis of PPI network enables the interpretation of
complicated processes involved in the occurrence and progression of diseases, facilitating targeted therapies.
In this study, PPI network analysis identified AKT1, TNE, NF-kB1, mTOR, and INFARI as the top five targets
implicated in the development and progression of liver disorders. These targets are primarily involved in
oxidative and inflammatory pathways, collectively underscoring the multifaceted interplay of inflammatory,
proliferative, and antiviral mechanisms in the pathogenesis of liver disorders. Chronic inflammation driven
by TNF and NF-kf1 not only directly damages liver cells but also creates an environment favorable to fibrosis
and cancer. The PI3K/AKT/mTOR and RAS/RAF/MEK/ERK pathways supply proliferative signals that, when
dysregulated, lead to uncontrolled cell growth and cancer. Simultaneously, impairments in antiviral defenses
via INFAR1 and STAT2 pathways facilitate chronic infections, further fueling inflammation and fibrosis”>-8!.
Moreover, research findings indicate that the primary hepatoprotective mechanisms of the herbal plants often
involve the scavenging of free radicals and modulation of inflammatory pathways?”.

The GO analysis of these targets highlights their multifaceted roles in critical cellular processes related to liver
health. Their involvement in inflammatory response and regulation of I-kappa B phosphorylation connects them
to immune and inflammatory processes. The regulation of lipid and nitric oxide biosynthesis further emphasizes
their role in maintaining cellular homeostasis. Their participation in protein phosphorylation, AKT signaling,
and apoptotic pathways underscores their potential in regulating cell survival and preventing unwanted cell
death. Additionally, the roles in gene expression, protein metabolism, and macroautophagy suggest that these
proteins may contribute to cellular maintenance and stress responses, making them promising therapeutic
targets for liver diseases. The molecular functions related to kinase activity and ATP binding indicate their
involvement in critical enzymatic functions and signal transduction, further validating their significance in liver
biology. The KEGG enrichment analysis highlighted the signaling pathways involved in the intricate interplay
between viral infections and liver pathology, contributing to chronic liver diseases and increasing the chance of
HCC. The study also encompassed metabolic and cancer-related pathways, including those implicated in non-
alcoholic fatty liver disease, alcoholic liver disease, pancreatic cancer, prostate cancer, and insulin resistance.
These pathways collectively underscore the multifactorial nature of liver disease progression, integrating
inflammatory, metabolic, and oncogenic processes.

In line with the growing emphasis on computational approaches to uncover the pharmacological
potential of bioactive compounds, this study meticulously selected the bioactive components of well-studied
hepatoprotective plants, already present in marketed polyherbal formulations, for molecular docking studies.
With an emphasis on phytoconstituents with reported IC, values and compounds tested on HepG2 cell lines, a
set of 40 phytocompounds was included to ensure data robustness. Molecular docking studies were conducted to
investigate the interactions between the set of 40 phytocompounds and five selected protein targets. Overall, the
comprehensive molecular docking studies revealed significant interactions between selected phytoconstituents
and key protein targets implicated in liver disorders. Notably, quercetin, curcumin, apigenin, sanguiin H-4,
rosmarinic acid, caffeic acid, and ferulic acid consistently demonstrated high binding affinities across multiple
protein targets. Their diverse interaction profiles across different protein targets highlight their versatility and
efficacy in modulating key pathways implicated in hepatic disorders, thereby suggesting their potential as
promising candidates for developing multi-target therapeutic strategies against liver diseases.

Based on the insightful findings from the molecular docking studies, we then proceeded with development
of a novel pharmacophore model, which can play a vital role in further screening of compounds. For this
purpose, we selected the top five molecules from each docking experiment, including Quercetin, Apigenin,
Curcumin, Acteoside, Samarone B, Sanguiin H-4, Rosmarinic Acid, Ellipticine, Jambone F, Caffeic Acid, Gallic
Acid, Ellagic Acid, Ferulic Acid and Coumaric Acid. Structural superposition of these 14 molecules identified
hydrogen bond donors, acceptors, lipophilic regions and aromatic moieties as key pharmacophoric features
believed to be essential for activity. Each of these features plays a pivotal role in ligand-receptor interactions,
influencing the binding affinity and specificity of pharmacological agents. Hydrogen bond donors and acceptors
facilitate the formation of critical hydrogen bonds between the ligand and receptor, contributing to molecular
recognition and stabilization of the complex. Lipophilic regions, on the other hand, provide a hydrophobic
environment beneficial to favorable interactions with nonpolar regions of the receptor. Additionally, aromatic
moieties contribute to nt-nt stacking interactions, enhancing ligand binding and potency. The elucidation of these
pharmacophoric features is beneficial in rational drug design and optimization, enabling the identification
of structurally diverse compounds with enhanced pharmacological properties. By aligning ligand molecules
with the complementary features of the receptor, the PH4 model guides the development of novel therapeutics
with improved efficacy and selectivity. Moreover, insights gained from pharmacophore modeling facilitate the
exploration of structure-activity relationships, guiding iterative modifications to optimize drug candidates.
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The resulting pharmacophore model was then screened against the ZINC natural database of 1089
compounds, facilitating the identification of 10 novel compounds with potential hepatoprotective activity.
Among the identified hit compounds, 3-O-Methylquercetin, Quercetagetin, and Demethoxycurcumin have
been previously studied for their hepatoprotective activity, further validating the robustness of the model.
3-O-Methylquercetin (ZINC5998596), a structural derivative of quercetin, is found in various plant species,
including Artemisia incanescens and Halimodendron halodendron®2. In the 2016 study reported by Kumar Naveen
et al., 3-O-methyl quercetin and kaempferol were isolated from the stem bark of Semecarpus anacardium. These
compounds demonstrated protective effects on normal lung and liver cells against H,O,-induced cytotoxicity®.
Quercetagetin (ZINC5784821), a hexahydroxyflavone, is functionally related to quercetin found in various plant
species, including Citrus reticulata (Mandarin orange) and Cupressus sempervirens (Mediterranean cypress).
It acts as an antioxidant, antiviral agent, and plant metabolite®!. In 2023, Wu et al. reported that quercetagetin
effectively alleviated ZEN-induced oxidative damage and liver injury in rabbits by modulating the Keapl-
Nrf2-antioxidant response element (ARE) signaling pathway®>. Demethoxycurcumin (ZINC1903857764)
is a beta-diketone derivative of curcumin, naturally occurring in various plant species, including Curcuma
zedoaria, Curcuma xanthorrhiza, Curcuma kwangsiensis, and Etlingera elatior. Demethoxycurcumin acts as an
antineoplastic agent and an anti-inflammatory agent®. Cheon et al. (2007) investigated the hepatoprotective
effects of curcumin, demethoxycurcumin, and bisdemethoxycurcumin, isolated from Curcuma longa Linn, on
hepatocyte injury induced by carbon tetrachloride. Their study revealed that demethoxycurcumin significantly
decreased the levels of aspartate aminotransferase, indicating its protective effect on liver cells®’.

The compounds with ZINC IDs, including ZINC59587610, ZINC70454608, ZINC40940113,
ZINC95909973, ZINC4731234, ZINC35859102, and ZINC14436469, have not yet been explored to date
for their hepatoprotective activity in existing studies, representing potential novel candidates for further
investigation due to their high predicted scores and distinct chemical structures. Among these, ZINC70454608
and ZINC14436469 emerge as promising candidates for further investigation as potential hepatoprotective
agents. ZINC70454608, chemically identified as (2S,5E)-2-(3,4-Dihydroxybenzyl)-6-(3,4-dihydroxyphenyl)-4-
oxo-5-hexenoic acid, is a polyphenolic compound structurally related to curcumin. This compound is derived
from Curcuma longa (turmeric) and Curcuma xanthorrhiza. Studies have demonstrated its ability to protect
cells from B-amyloid insult, suggesting its potential therapeutic utility in the treatment of Alzheimer’s disease®.
Similarly, 5'-Hydroxymorin (ZINC14436469), also known as 3,5,7-trihydroxy-2-(2,4,5-trihydroxyphenyl)-4H-
chromen-4-one, is a naturally occurring compound. It is found in plants such as Distemonanthus benthamianus
and Limonium gmelinii. It belongs to the class of flavonoids, characterized by its chromenone structure and
multiple hydroxyl groups. Flavonoids are widely recognized for their varied pharmacological activities,
comprising antioxidant, anti-inflammatory, and anticancer properties®’. For other compounds (ZINC59587610,
ZINC40940113, ZINC95909973, ZINC4731234, and ZINC35859102), specific details regarding their natural
sources and biological activities are currently unavailable. Further research is required to explicate their sources,
chemical properties, and potential biological activities. Investigating these compounds could provide valuable
insights into their pharmacological significance.

To validate the interactions between identified compounds and the protein targets, the top 10 hits were
subsequently redocked against five selected protein targets. Among the identified hits, the compound (2S,5E)-2-
(3,4-Dihydroxybenzyl)-6-(3,4-dihydroxyphenyl)-4-oxo-5-hexenoic acid (ZINC70454608) and ZINC14436469
(5'-Hydroxymorin) showed significant binding affinities with the specific amino acids in each target, highlighting
the potential of these compounds to modulate key pathways implicated in hepatic disorders. Docking provided
a fixed view of the binding pose of a compound in the active site of a protein by using the rigid crystal structure
of the protein; therefore, molecular dynamics simulations were executed to compute the movements of atoms
over time, allowing for the assessment of the dynamic performance and stability of protein-ligand complexes.
The hit 2 (ZINC70454608) and 9 (ZINC14436469) complexes with the selected five proteins exhibiting the
highest predictive binding energy analyzed through docking were selected for MD simulations. According
to MD simulation results, the mTOR-hit 2 complex and AKT1-hit 9 showed the most stable behavior with a
binding free energy of —57.63+3.85 & —30.59+4.10 kcal/mol, respectively, indicating a strong and favorable
interaction. The stability characteristics demonstrated that both the complexes remained stable for the whole
MD simulation, hence confirming the accuracy of the molecular docking studies.

A good drug must have the acceptable pharmacokinetic criteria, including absorption, distribution,
metabolism, and excretion (ADME), with minimum toxicity. It should be rapidly and efficiently absorbed
from the gastrointestinal tract, particularly circulated to its target site, metabolized in a way that supports its
pharmacological activity, and excreted completely without causing any harm to the body. The ADMET evaluation
of hit 2 and hit 9 highlights their potential as viable drug candidates, with both compounds demonstrating
acceptable drug-likeness and pharmacokinetic properties. Although hit 2 exceeded the molecular weight limit
for lead-likeness, its good absorption, high plasma protein binding, and ability to cross the blood-brain barrier
suggest strong potential for therapeutic use. The lack of cytochrome P450 inhibition is favorable, as it reduces the
risk of drug-drug interactions, while its identification as a P-gp substrate indicates its potential for multi-drug
resistance involvement, a point to consider in further development. Similarly, hit 9, despite its slight violation
of Lipinski’s and Veber’s rules due to an extra hydrogen bond donor, also showed a promising pharmacokinetic
profile similar to hit 2. The bioavailability within the medium range for both compounds ensures that they
can sustain therapeutic concentrations over a reasonable period. The favorable toxicity profiles, particularly
the low carcinogenicity and non-biodegradability scores, further enhance their prospects for development.
Overall, these compounds meet key drug-likeness criteria, making them strong candidates for further study and
potential drug development.

Overall, the results indicated that the discovery of these potential hit compounds, with predicted
hepatoprotective activity, underscores the efficacy of ligand-based pharmacophore screening in the realm of
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drug discovery. The diverse chemical structures of these compounds and their alignment with pharmacophore
features suggest a range of potential molecular mechanisms underlying their hepatoprotective effects. However,
further experimental validation, including rigorous in vitro and in vivo studies, is necessary to approve the
efficacy and safety profiles of these hit compounds. Specifically, compounds (2S,5E)-2-(3,4-Dihydroxybenzyl)-
6-(3,4-dihydroxyphenyl)-4-oxo-5-hexenoic acid and 5'-Hydroxymorin need focused investigation to elucidate
their hepatoprotective activity and potential therapeutic significance.

Conclusion

In conclusion, this study employed a multifaceted approach integrating network pharmacology, molecular
docking, pharmacophore modeling, virtual screening, and molecular dynamic simulation with traditional
herbal knowledge to identify novel compounds for hepatoprotection. Notably, compounds (2S,5E)-2-(3,4-
Dihydroxybenzyl)-6-(3,4-dihydroxyphenyl)-4-oxo-5-hexenoic acid (ZINC70454608) and 5’-Hydroxymorin
(ZINC14436469) represent particularly interesting candidates due to their high predicted scores and distinct
structural motifs. The unique structural features of these compounds can be used as a scaffold for the development
of new drugs. Medicinal chemists and researchers around the globe can modify these scaffolds to improve their
pharmacokinetic and pharmacodynamic properties, leading to optimization of lead compounds with better
efficacy and safety profiles. Further experimental validation through in vitro and in vivo studies is necessary to
evaluate the efficacy, safety, and mechanisms of action of these lead compounds, ultimately paving the way for
the translation of these findings into clinical applications for the benefit of patients worldwide.

Data availability
The authors declare that the data supporting the findings of this study are available within the paper and its
Supplementary Information files.

Received: 15 October 2024; Accepted: 3 March 2025
Published online: 11 March 2025

References

1. Kalra, A, Yetiskul, E., Wehrle, C. J. & Tuma, E. Physiology, liver. In: StatPearls. Treasure Island (FL): StatPearls Publishing. https://
www.ncbi.nlm.nih.gov/books/NBK535438/ (2024).

2. Global initiative for cancer registry development. Lyon: International Agency for Research on Cancer. https://gicr.iarc.fr/ (2020).

3. Farzaneh, Z., Vosough, M., Agarwal, T. & Farzaneh, M. Critical signaling pathways governing hepatocellular carcinoma behaviour:
Small molecule-based approaches. Cancer Cell Int. 21(1), 208. https://doi.org/10.1186/s12935-021-01924-w (2021).

4. Blencowe, M., Karunanayake, T., Wier, J., Hsu, N. & Yang, X. Network modeling approaches and applications to unravelling non-
alcoholic fatty liver disease. Genes (Basel) 10(12), 966. https://doi.org/10.3390/genes10120966 (2019).

5. Younossi, Z. M. Non-alcoholic fatty liver disease: A global public health perspective. J. Hepatol. 70(3), 531-544. https://doi.org/10
.1016/j.jhep.2018.10.033 (2019).

6. Dai, J. ], Liu, Y. Y. & Zhang, Z. H. Changes in the etiology of liver cirrhosis and the corresponding management strategies. World
J. Hepatol. 16(2), 146-151. https://doi.org/10.4254/wjh.v16.i2.146 (2024).

7. Kang, D. E. & Oh, S. N. Association between alcohol consumption and metabolic dysfunction-associated steatotic liver disease
based on alcohol flushing response in men: The Korea national health and nutrition examination survey 2019-2021. Nutrients
15(18), 3901. https://doi.org/10.3390/nul15183901 (2023).

. Llovet, J. M. et al. Hepatocellular carcinoma. Nat. Rev. Dis. Prim. 7, 6. https://doi.org/10.1038/s41572-020-00240-3 (2021).

9. Madrigal-Santillan, E. et al. Review of natural products with hepatoprotective effects. World J. Gastroenterol. 20(40), 14787-14804.

https://doi.org/10.3748/wjg.v20.i40.14787 (2014).

10. Hora, S. & Wuld, T. Liver injury and regeneration: Current understanding, new approaches, and future perspectives. Cells 12(17),
2129. https://doi.org/10.3390/cells12172129 (2023).

11. Pandey, B., Baral, R., Kaundinnyayana, A. & Panta, S. Promising hepatoprotective agents from the natural sources: A study of
scientific evidence. Egypt. Liv. J. 13, 14. https://doi.org/10.1186/s43066-023-00248-w (2023).

12. Khan, A. et al. Myrrhanone B and Myrrhanol B from resin of commipohora mukul exhibit hepatoprotective effects in-vivo.
Biomed. Pharmacother. 143, 112131. https://doi.org/10.1016/j.biopha.2021.112131 (2021).

13. Arman, M. et al. Hepatoprotective potential of selected medicinally important herbs: Evidence from ethnomedicinal, toxicological
and pharmacological evaluations. Phytochem. Rev. 21, 1863-1886. https://doi.org/10.1007/s11101-022-09812-5 (2022).

14. Fallowfield, J. A., Jimenez-Ramos, M. & Robertson, A. Emerging synthetic drugs for the treatment of liver cirrhosis. Expert Opin.
Emerg. Drugs. 26(2), 149-163. https://doi.org/10.1080/14728214.2021.1918099 (2021).

15. Domitrovi¢, R. & Poto¢njak, I. A comprehensive overview of hepatoprotective natural compounds: Mechanism of action and
clinical perspectives. Arch. Toxicol. 90(1), 39-79. https://doi.org/10.1007/s00204-015-1580-z (2016).

16. Begum, R. et al. Evaluation of hepatoprotective potential of polyherbal preparations in CCl,-induced hepatotoxicity in mice. Adv.
Pharmacol. Pharm. Sci. https://doi.org/10.1155/2022/3169500 (2022).

17. Yadav, M. S. & Buram, P. Recent herbal proprietary preparations for liver diseases: A comparative study. Int. J. Res. Rev. 8(10),
202-207. https://doi.org/10.1155/2022/3169500 (2021).

18. Datta, S. et al. Hepatoprotective effects of natural drugs: Current trends, scope, relevance and future perspectives. Phytomed. 121,
155100. https://doi.org/10.1016/j.phymed.2023.155100 (2023).

19. Singh, D., Khan, M. A. & Siddique, H. Unveiling the therapeutic promise of natural products in alleviating drug-induced liver
injury: Present advancements and future prospects. Phytother. Res. 38(1), 22-41. https://doi.org/10.1002/ptr.8022 (2024).

20. Rodriguez, S. et al. Phytochemicals as an alternative or integrative option, in conjunction with conventional treatments for
hepatocellular carcinoma. Cancers (Basel) 13(22), 5753. https://doi.org/10.3390/cancers13225753 (2021).

21. Guo, X,, Yin, X,, Liu, Z. & Wang, ]. Non-alcoholic fatty liver disease (NAFLD) pathogenesis and natural products for prevention
and treatment. Int. J. Mol. Sci. 23(24), 15489. https://doi.org/10.3390/ijms232415489 (2022).

22. El-Kot, S. M. et al. Effect of silymarin on the relative gene expressions of some inflammatory cytokines in the liver of CCl,-
intoxicated male rats. Sci. Rep. 13, 15245. https://doi.org/10.1038/s41598-023-42250-7 (2023).

23. Abenavoli, L. et al. Milk thistle (Silybum marianum): A concise overview on its chemistry, pharmacological, and nutraceutical uses
in liver diseases. Phytother. Res. 32(11), 2202-2213. https://doi.org/10.1002/ptr.6171 (2018).

24. Ezzat, M. L et al. In-depth hepatoprotective mechanistic study of Phyllanthus niruri: In vitro and in vivo studies and its chemical
characterization. PLoS One 15(1), €0226185. https://doi.org/10.1371/journal.pone.0226185 (2020).

josd

Scientific Reports |

(2025) 15:8425 | https://doi.org/10.1038/s41598-025-92868-y nature portfolio


https://www.ncbi.nlm.nih.gov/books/NBK535438/
https://www.ncbi.nlm.nih.gov/books/NBK535438/
https://gicr.iarc.fr/
https://doi.org/10.1186/s12935-021-01924-w
https://doi.org/10.3390/genes10120966
https://doi.org/10.1016/j.jhep.2018.10.033
https://doi.org/10.1016/j.jhep.2018.10.033
https://doi.org/10.4254/wjh.v16.i2.146
https://doi.org/10.3390/nu15183901
https://doi.org/10.1038/s41572-020-00240-3
https://doi.org/10.3748/wjg.v20.i40.14787
https://doi.org/10.3390/cells12172129
https://doi.org/10.1186/s43066-023-00248-w
https://doi.org/10.1016/j.biopha.2021.112131
https://doi.org/10.1007/s11101-022-09812-5
https://doi.org/10.1080/14728214.2021.1918099
https://doi.org/10.1007/s00204-015-1580-z
https://doi.org/10.1155/2022/3169500
https://doi.org/10.1155/2022/3169500
https://doi.org/10.1016/j.phymed.2023.155100
https://doi.org/10.1002/ptr.8022
https://doi.org/10.3390/cancers13225753
https://doi.org/10.3390/ijms232415489
https://doi.org/10.1038/s41598-023-42250-7
https://doi.org/10.1002/ptr.6171
https://doi.org/10.1371/journal.pone.0226185
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

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.

Chu, L. S. Review on liver inflammation and antiinflammatory activity of Andrographis paniculata for hepatoprotection. Phytother.
Res. 28, 1589-1598. https://doi.org/10.1002/ptr.5193 (2014).

Ali, M. et al. Selected hepatoprotective herbal medicines: Evidence from ethnomedicinal applications, animal models, and possible
mechanism of actions. Phytother. Res. 32(2), 99-215. https://doi.org/10.1002/ptr.5957 (2018).

Valvi, A. R., Mouriya, N., Athawale, R. B. & Bhatt, N. S. Hepatoprotective ayurvedic plants: A review. J. Complement. Integr. Med.
13(3), 207-215. https://doi.org/10.1515/jcim-2015-0110 (2016).

Szklarczyk, D. et al. The STRING database in 2023: Protein—protein association networks and functional enrichment analyses for
any sequenced genome of interest. Nucleic Acids Res. 51(D1), D638-D646. https://doi.org/10.1093/nar/gkac1000 (2023).
Shannon, P. et al. Cytoscape: A software environment for integrated models of biomolecular interaction networks. Genome Res.
13(11), 2498-2504. https://doi.org/10.1101/gr.1239303 (2003).

Sherman, B. T. et al. DAVID: A web server for functional enrichment analysis and functional annotation of gene lists (2021
update). Nucleic Acids Re. 50, W216-W221. https://doi.org/10.1093/nar/gkac194 (2022).

Kanehisa, M., Furumichi, M., Sato, Y., Matsuura, Y. & Ishiguro-Watanabe, M. KEGG: Biological systems database as a model of the
real world. Nucleic Acids Re. 53(D1), D672-D677. https://doi.org/10.1093/nar/gkae909 (2025).

Kanehisa, M. Toward understanding the origin and evolution of cellular organisms. Protein Sci. 28(11), 1947-1951. https://doi.or
¢/10.1002/pro.3715 (2019).

Kanehisa, M. & Goto, S. KEGG: Kyoto encyclopedia of genes and genomes. Nucleic Acids Res. 28(1), 27-30. https://doi.org/10.109
3/nar/28.1.27 (2000).

Tang, D. et al. SRplot: A free online platform for data visualization and graphing. PLoS One 18(11), €0294236. https://doi.org/10.1
371/journal.pone.0294236 (2023).

Neves, M. A. C,, Totrov, M. & Abagyan, R. Docking and scoring with ICM: The benchmarking results and strategies for
improvement. J. Comput. Aided. Mol. Des. 26, 675-686. https://doi.org/10.1007/s10822-012-9547-0 (2012).

Berman, H., Henrick, K. & Nakamura, H. Announcing the worldwide protein data bank. Nat Struct Mol Biol. 10, 980. https://doi.
0rg/10.1038/nsb1203-980 (2003).

Vishalgiri, G., Patel, D., Shishir, R., Chaube, U. & Patel, B. Homology modeling, binding site identification, molecular docking and
molecular dynamics simulation study of emerging and promising drug target of Wnt signalling: Human porcupine enzyme. Res.
Chem. 7, 101482. https://doi.org/10.1016/j.rechem.2024.101482 (2024).

Bibi, S. et al. Virtual screening and molecular dynamics simulation analysis of Forsythoside A as a plant-derived inhibitor of SARS-
CoV-2 3CLpro. Saudi Pharm J. 30(7), 979-1002. https://doi.org/10.1016/j.jsps.2022.05.003 (2022).

Giordano, D., Biancaniello, C., Argenio, M. A. & Facchiano, A. Drug design by pharmacophore and virtual screening approach.
Pharmaceuticals 15, 646. https://doi.org/10.3390/ph15050646 (2022).

Irwin, J. J. et al. ZINC20-A free ultralarge-scale chemical database for ligand discovery. J. Chem. Inf. Model. 60(12), 6065-6073.
https://doi.org/10.1021/acs.jcim.0c00675 (2020).

Heider, J. et al. Apo2ph4: A versatile workflow for the generation of receptor-based pharmacophore models for virtual screening.
J. Chem. Inf. Model. 63(1), 101-110. https://doi.org/10.1021/acs.jcim.2c00814 (2023).

Bowers, K. ], et al. Scalable algorithms for molecular dynamics simulations on commodity clusters. in SC’06: Proceedings of the
2006 ACM/IEEE Conference on Supercomputing 43—43. https://doi.org/10.1145/1188455.1188544 (2006).

Chow, E,, et al. Desmond performance on a cluster of multicore processors. DE Shaw Research Technical Report DESRES/TR—
2008-01, (2008).

Shivakumar, D. et al. Prediction of absolute solvation free energies using molecular dynamics free energy perturbation and the
OPLS force field. . Chem. Theory Comput. 6(5), 1509-1519. https://doi.org/10.1021/ct900587b (2010).

Jorgensen, W. L., Chandrasekhar, J., Madura, J. D., Impey, R. W. & Klein, M. L. Comparison of simple potential functions for
simulating liquid water. J. Chem. Phys. 79(2), 926-935. https://doi.org/10.1063/1.445869 (1983).

Martyna, G. J., Tobias, D. J. & Klein, M. L. Constant pressure molecular dynamics algorithms. J. Chem. Phys. 101, 4177-4189.
https://doi.org/10.1063/1.467468 (1994).

Martyna, G. J., Klein, M. L. & Tuckerman, M. Nose-Hoover chains-the canonical ensemble via continuous dynamics. J. Chem.
Phys. 97, 2635-2643. https://doi.org/10.1063/1.463940 (1992).

Toukmaji, A. & Board, J. Ewald summation techniques in perspective: A survey. Comput. Phy. Commun. 95, 73-92. https://doi.or
¢/10.1016/0010-4655(96)00016-1 (1996).

Akash, S. etal. Revolutionizing anti-cancer drug discovery against breast cancer and lung cancer by modification of natural genistein:
An advanced computational and drug design approach. Front Oncol. 13, 1228865. https://doi.org/10.3389/fonc.2023.1228865
(2023).

Daina, A., Michielin, O. & Zoete, V. SwissADME: A free web tool to evaluate pharmacokinetics, drug-likeness and medicinal
chemistry friendliness of small molecules. Sci. Rep. 7, 42717. https://doi.org/10.1038/srep42717 (2017).

Xiong, G. et al. ADMETIab 2.0: An integrated online platform for accurate and comprehensive predictions of ADMET properties.
Nucleic Acids Res. 49, W5-14. https://doi.org/10.1093/nar/gkab255 (2021).

Hu, Y. et al. Exploration of the potential targets and molecular mechanism of Carthamus tinctorius L. for liver fibrosis based on
network pharmacology and molecular docking strategy. Processes 10(9), 1735. https://doi.org/10.3390/pr10091735 (2022).

Amiri, S. et al. Betulin and its derivatives as novel compounds with different pharmacological effects. Biotechnol. Adv. 38, 107409.
https://doi.org/10.1016/j.biotechadv.2019.06.008 (2020).

You, Y. et al. Phyllanthin prevents diethylnitrosamine (DEN) induced liver carcinogenesis in rats and induces apoptotic cell death
in HepG2 cells. Biomed. Pharmacother. 137, 111335. https://doi.org/10.1016/j.biopha.2021.111335 (2021).

Sharma, S. K., Arogya, S. M., Bhaskarmurthy, D. H., Agarwal, A. & Velusami, C. C. Hepatoprotective activity of the Phyllanthus
species on tert-butyl hydroperoxide (t-BH)-induced cytotoxicity in HepG2 cells. Pharmacogn. Mag. 7(27), 229-233. https://doi.or
¢/10.4103/0973-1296.84237 (2011).

Xiang, L., Wang, Y., Yi, X. & He, X. Steroidal alkaloid glycosides and phenolics from the immature fruits of Solanum nigrum.
Fitoterapia 137, 104268. https://doi.org/10.1016/j.fitote.2019.104268 (2019).

Hien, T. T. T. et al. Bioactive secondary metabolites from the aerial parts of Buddleja macrostachya. Nat. Product. Commun. 12(12),
1821-1854. https://doi.org/10.1016/j.phyplu.2022.100287 (2017).

Li, J. et al. Punicalagin and ellagic acid from pomegranate peel induce apoptosis and inhibits proliferation in human HepG2
hepatoma cells through targeting mitochondria. Food Agric. Immun. 30(1), 897-912. https://doi.org/10.1080/09540105.2019.1642
857 (2019).

Gesek, J., Jakimiuk, K., Atanasov, A. G. & Tomczyk, M. Ellagitannins from Terminalia calamansanai induced apoptosis in HL-60
cells. Toxicol. In Vitro. 23(4), 603-609. https://doi.org/10.1016/j.tiv.2009.01.020 (2009).

Sun, G., Zhang, S., Xie, Y., Zhang, Z. & Zhao, W. Gallic acid as a selective anticancer agent that induces apoptosis in SMMC-7721
human hepatocellular carcinoma cells. Oncol. Lett. 11(1), 150-158. https://doi.org/10.3892/01.2015.3845 (2016).

Zhao, P. et al. Quercetin induces HepG2 cell apoptosis by inhibiting fatty acid biosynthesis. Oncol. Lett. 8(2), 765-769. https://doi
.0rg/10.3892/01.2014.2159 (2014).

Hassani, A. et al. Formulation, characterization and biological activity screening of sodium alginate-gum arabic nanoparticles
loaded with curcumin. Molecules 25(9), 2244. https://doi.org/10.3390/molecules25092244 (2020).

Zheng, S. & Huang, Y. Unveiling the anti-cancer efficiency of chebulagic acid-mediated apoptotic mechanisms in HepGz2 cell line.
Int. J. Pharmacol. 17, 229-242. https://doi.org/10.3923/ijp.2021.229.242 (2021).

Scientific Reports |

(2025) 15:8425

| https://doi.org/10.1038/s41598-025-92868-y nature portfolio


https://doi.org/10.1002/ptr.5193
https://doi.org/10.1002/ptr.5957
https://doi.org/10.1515/jcim-2015-0110
https://doi.org/10.1093/nar/gkac1000
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1093/nar/gkac194
https://doi.org/10.1093/nar/gkae909
https://doi.org/10.1002/pro.3715
https://doi.org/10.1002/pro.3715
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1371/journal.pone.0294236
https://doi.org/10.1371/journal.pone.0294236
https://doi.org/10.1007/s10822-012-9547-0
https://doi.org/10.1038/nsb1203-980
https://doi.org/10.1038/nsb1203-980
https://doi.org/10.1016/j.rechem.2024.101482
https://doi.org/10.1016/j.jsps.2022.05.003
https://doi.org/10.3390/ph15050646
https://doi.org/10.1021/acs.jcim.0c00675
https://doi.org/10.1021/acs.jcim.2c00814
https://doi.org/10.1145/1188455.1188544
https://doi.org/10.1021/ct900587b
https://doi.org/10.1063/1.445869
https://doi.org/10.1063/1.467468
https://doi.org/10.1063/1.463940
https://doi.org/10.1016/0010-4655(96)00016-1
https://doi.org/10.1016/0010-4655(96)00016-1
https://doi.org/10.3389/fonc.2023.1228865
https://doi.org/10.1038/srep42717
https://doi.org/10.1093/nar/gkab255
https://doi.org/10.3390/pr10091735
https://doi.org/10.1016/j.biotechadv.2019.06.008
https://doi.org/10.1016/j.biopha.2021.111335
https://doi.org/10.4103/0973-1296.84237
https://doi.org/10.4103/0973-1296.84237
https://doi.org/10.1016/j.fitote.2019.104268
https://doi.org/10.1016/j.phyplu.2022.100287
https://doi.org/10.1080/09540105.2019.1642857
https://doi.org/10.1080/09540105.2019.1642857
https://doi.org/10.1016/j.tiv.2009.01.020
https://doi.org/10.3892/ol.2015.3845
https://doi.org/10.3892/ol.2014.2159
https://doi.org/10.3892/ol.2014.2159
https://doi.org/10.3390/molecules25092244
https://doi.org/10.3923/ijp.2021.229.242
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

64. Lu,J., Zhang, Y., Sun, M., Liu, M. & Wang, X. Comprehensive assessment of Cucurbitacin E related hepatotoxicity and drug-drug
interactions involving CYP3A and P-glycoprotein. Phytomedicine 26, 1-10. https://doi.org/10.1016/j.phymed.2017.01.004 (2017).

65. Shahat, A. A. et al. Phytochemical profiling, antioxidant and anticancer activities of Gastrocotyle hispida growing in Saudi Arabia.
Acta. Trop. 191, 243-247. https://doi.org/10.1016/j.actatropica.2019.01.013 (2019).

66. Afshari, A., Moein, M., Afsari, A. & Sabahi, Z. Antiproliferative effects of ferulic, coumaric, and caffeic acids in HepG2 Cells by
hTERT downregulation. Adv. Pharmacol. Pharm. Sci. 2022, 1850732. https://doi.org/10.1155/2022/1850732 (2022).

67. Yang, J. et al. Acylphloroglucinol derivatives from the leaves of Syzygium samarangense and their cytotoxic activities. Fitoterapia
129, 1-6. https://doi.org/10.1016/j.fitote.2018.06.002 (2018).

68. Altemimi, A., Lakhssassi, N., Baharlouei, A., Watson, D. G. & Lightfoot, D. A. Phytochemicals: Extraction, isolation, and
identification of bioactive compounds from plant extracts. Plants (Basel) 6(4), 42. https://doi.org/10.3390/plants6040042 (2017).

69. Paul, D. et al. Artificial intelligence in drug discovery and development. Drug Discov. Today. 26(1), 80-93. https://doi.org/10.1016
/j.drudis.2020.10.010 (2021).

70. Noor, E. et al. Network pharmacology approach for medicinal plants: Review and assessment. Pharmaceuticals 15(5), 572. https://
doi.org/10.3390/ph15050572 (2022).

71. Sarkar, S., Das, M. & Nanjappan, S. Exploration of the pharmacological mechanism of herbal medicines against hepatic disorder:
A systematic review and network pharmacological analysis. Pharmacol. Res. Nat. Products 3, 100048. https://doi.org/10.1016/j.pre
nap.2024.100048 (2024).

72. Ouyang, J. Y. et al. Exploring the pharmacological mechanism of Wuzhuyu decoction on hepatocellular carcinoma using network
pharmacology. World J. Clin. Cases 11(27), 6327-6343. https://doi.org/10.12998/wjcc.v11.i27.6327 (2023).

73. He, Y. et al. Targeting PI3K/Akt signal transduction for cancer therapy. Signal Transduct. Target Ther. 6(1), 425. https://doi.org/10
.1038/s41392-021-00828-5 (2021).

74. Ferrin, G., Guerrero, M., Amado, V., Rodriguez-Peralvarez, M. & De la Mata, M. Activation of mTOR signaling pathway in
hepatocellular carcinoma. Int. J. Mol. Sci. 21(4), 266. https://doi.org/10.3390/ijms21041266 (2020).

75. Tiegs, G. & Horst, A. K. TNF in the liver: Targeting a central player in inflammation. Semin. Immunopathol. 44(4), 445-459.
https://doi.org/10.1007/s00281-022-00910-2 (2022).

76. Liu, T, Zhang, L., Joo, D. & Sun, S. C. NF-«B signaling in inflammation. Signal. Transduct. Target. Ther. 2, 17023. https://doi.org/1
0.1038/sigtrans.2017.23 (2017).

77. Ye,]. & Chen, J. Interferon and hepatitis B: Current and future perspectives. Front. Immunol. 12, 733364. https://doi.org/10.3389/f
immu.2021.733364 (2021).

78. Bahar, M. E., Kim, H. J. & Kim, D. R. Targeting the RAS/RAF/MAPK pathway for cancer therapy: From mechanism to clinical
studies. Signal. Transduct. Target. Ther. 8, 455. https://doi.org/10.1038/s41392-023-01705-z (2023).

79. He, Y. et al. Targeting PI3K/Akt signal transduction for cancer therapy. Signal. Transduct. Target. Ther. 6(1), 425. https://doi.org/1
0.1038/s41392-021-00828-5 (2021).

80. Boulahtouf, Z., Virzi, A., Baumert, T. E, Verrier, E. R. & Lupberger, J. Signaling induced by chronic viral hepatitis: Dependence and
consequences. Int. J. Mol. Sci. 23(5), 2787. https://doi.org/10.3390/ijms23052787 (2022).

81. Li, S., Hong, M., Tan, H. Y., Wang, N. & Feng, Y. Insights into the role and interdependence of oxidative stress and inflammation
in liver diseases. Oxid. Med. Cell. Long. 2016, 4234061. https://doi.org/10.1155/2016/4234061 (2016).

82. PubChem. Bethesda (MD): National Library of Medicine (US), National Center for Biotechnology Information; 2004-. PubChem
Compound Summary for CID 5280681, 3-Methoxyluteolin. https://pubchem.ncbi.nlm.nih.gov/compound/3-Methoxyluteolin
(2024).

83. Kumar, A. D,, Bevara, G. B,, Kaja, L. K., Badana, A. K. & Malla, R. R. Protective effect of 3-O-methyl quercetin and kaempferol
from Semecarpus anacardium against H,O, induced cytotoxicity in lung and liver cells. BMC Complement. Altern. Med. 16(1),
376. https://doi.org/10.1186/s12906-016-1354-z (2016).

84. PubChem. Bethesda (MD): National Library of Medicine (US), National Center for Biotechnology Information; 2004-. PubChem
Compound Summary for CID 5281680, Quercetagetin. https://pubchem.ncbi.nlm.nih.gov/compound/Quercetagetin (2024).

85. Wu, E et al. Quercetagetin alleviates zearalenone-induced liver injury in rabbits through Keapl/Nrf2/ARE signaling pathway.
Front. Pharmacol. 14, 1271384. https://doi.org/10.3389/fphar.2023.1271384 (2023).

86. PubChem. Bethesda (MD): National Library of Medicine (US), National Center for Biotechnology Information; 2004-. PubChem
Compound Summary for CID 5469424, Demethoxycurcumin. https://pubchem.ncbi.nlm.nih.gov/compound/Demethoxycurcum
in (2024).

87. Cheon, H. J. et al. Hepatoprotective activities of curcumin, demethoxycurcumin and bisdemethoxycurcumin. Kor. J. Pharmacogn.
38, 139-147 (2007).

88. Park, S.Y. &Kim, D. S. H. L. Discovery of natural products from curcuma longa that protect cells from beta-amyloid insult: A drug
discovery effort against alzheimer’s disease. J. Nat. Products 65(9), 1227-1231. https://doi.org/10.1021/np010039x (2002).

89. PubChem. Bethesda (MD): National Library of Medicine (US), National Center for Biotechnology Information; 2004-. PubChem
Compound Summary for CID 16113029, 5'-Hydroxymorin. https://pubchem.ncbi.nlm.nih.gov/compound/5_-Hydroxymorin
(2024).

Acknowledgements

The authors would like to thank Dr. D. Y. Patil Institute of Pharmaceutical Sciences and Research, Pimpri, Pune,
India for providing the necessary infrastructural facilities to carry out the work. The authors also acknowledge
the support from Advent Informatics Pvt. Ltd., Pune for computational studies.

Author contributions

P. A.J.: Conceptualization, Writing—original draft, Experimental work, Validation, Investigation, Data analysis.
A. B. T.: Conceptualization, Experimental work, Supervision, Writing—review and editing, Validation, Data
Analysis. M. K. P.: Writing—review and editing, Validation, Supervision, Resources. S. Y. C.: Experimental work,
Validation, Resources, Data Analysis. R. D. W.: Writing—review and editing, Validation, Supervision. S. S. C.:
Writing—review and editing, Resources, Supervision.

Funding
This research did not receive any specific grant from funding agencies in the public, commercial, or not-for-
profit sectors.

Scientific Reports |

(2025) 15:8425 | https://doi.org/10.1038/s41598-025-92868-y nature portfolio


https://doi.org/10.1016/j.phymed.2017.01.004
https://doi.org/10.1016/j.actatropica.2019.01.013
https://doi.org/10.1155/2022/1850732
https://doi.org/10.1016/j.fitote.2018.06.002
https://doi.org/10.3390/plants6040042
https://doi.org/10.1016/j.drudis.2020.10.010
https://doi.org/10.1016/j.drudis.2020.10.010
https://doi.org/10.3390/ph15050572
https://doi.org/10.3390/ph15050572
https://doi.org/10.1016/j.prenap.2024.100048
https://doi.org/10.1016/j.prenap.2024.100048
https://doi.org/10.12998/wjcc.v11.i27.6327
https://doi.org/10.1038/s41392-021-00828-5
https://doi.org/10.1038/s41392-021-00828-5
https://doi.org/10.3390/ijms21041266
https://doi.org/10.1007/s00281-022-00910-2
https://doi.org/10.1038/sigtrans.2017.23
https://doi.org/10.1038/sigtrans.2017.23
https://doi.org/10.3389/fimmu.2021.733364
https://doi.org/10.3389/fimmu.2021.733364
https://doi.org/10.1038/s41392-023-01705-z
https://doi.org/10.1038/s41392-021-00828-5
https://doi.org/10.1038/s41392-021-00828-5
https://doi.org/10.3390/ijms23052787
https://doi.org/10.1155/2016/4234061
https://pubchem.ncbi.nlm.nih.gov/compound/3-Methoxyluteolin
https://doi.org/10.1186/s12906-016-1354-z
https://pubchem.ncbi.nlm.nih.gov/compound/Quercetagetin
https://doi.org/10.3389/fphar.2023.1271384
https://pubchem.ncbi.nlm.nih.gov/compound/Demethoxycurcumin
https://pubchem.ncbi.nlm.nih.gov/compound/Demethoxycurcumin
https://doi.org/10.1021/np010039x
https://pubchem.ncbi.nlm.nih.gov/compound/5_-Hydroxymorin
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Declarations

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/1
0.1038/s41598-025-92868-y.

Correspondence and requests for materials should be addressed to A.B.T.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives
4.0 International License, which permits any non-commercial use, sharing, distribution and reproduction in
any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide
a link to the Creative Commons licence, and indicate if you modified the licensed material. You do not have
permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence
and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommo
ns.org/licenses/by-nc-nd/4.0/.

© The Author(s) 2025

Scientific Reports |

(2025) 15:8425 | https://doi.org/10.1038/s41598-025-92868-y nature portfolio


https://doi.org/10.1038/s41598-025-92868-y
https://doi.org/10.1038/s41598-025-92868-y
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://www.nature.com/scientificreports

	﻿Unlocking the therapeutic potential of unexplored phytocompounds as hepatoprotective agents through integration of network pharmacology and in-silico analysis
	﻿Material and methods
	﻿Selection of protein targets and construction of protein–protein interaction (PPI) network
	﻿Gene ontology (GO) and Kyoto encyclopedia of genes and genomes (KEGG) pathway enrichment analysis
	﻿Selection of phytocompounds
	﻿Molecular docking studies
	﻿Ligand preparation
	﻿Protein preparation
	﻿Molecular docking


	﻿Pharmacophore modeling
	﻿Virtual screening
	﻿Molecular redocking of top hits with selected protein
	﻿Molecular dynamics simulation
	﻿Binding free energy analysis
	﻿ADMET and drug likeliness properties prediction
	﻿Results
	﻿Protein–protein interaction (PPI) network



