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Abstract

Hepatocellular carcinoma (HCC) mortality rates have risen significantly in recent years. Folium
Artemisiae Argyi (FAA) has demonstrated anticancer properties, yet its specific mechanisms of action
in HCC treatment remain unclear. This study used network pharmacology and molecular docking to
investigate these mechanisms. HCC-related targets were sourced from GeneCards, NCBI, and GEPIA2
databases, while active FAA compounds and targets were identified through Swiss Target Prediction.
Protein-protein interaction (PPI) networks were constructed using the STRING database and visualized
with Cytoscape software. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway enrichment analyses were conducted using ShinyGO. Autodock was employed for
molecular docking, and gene expression profiling was performed to assess the prognosis and survival
of HCC patients. The study identified 19,467 predicted HCC targets and 292 FAA compound targets,
with 207 overlapping targets. GO/KEGG enrichment analyses indicated that FAA influences HCC by
regulating biological processes related to cell proliferation and survival, particularly through pathways
such as cancer pathways, proteoglycans in cancer, and the PI3K-AKT pathway. Key targets identified
included AKT1, SRC, EGFR, PPARG, ESR1, BCL2, PTGS2, HSP90AA1, HIF1A, and MAPKS, with
most showing upregulation linked to poor prognosis, reduced disease-free survival, and lower overall
survival in HCC patients. Molecular docking analysis confirmed strong interactions between the top five
core targets and FAA compounds. Among them, Quercetin, Mandenol, and Ethyl Oleate demonstrated
high binding affinities with EGFR, scoring -7.98 kcal/mol, -7.17 kcal/mol, and -6.97 kcal/mol,
respectively. In contrast, (R)-Naringenin showed the strongest interaction with AKT1, exhibiting a
binding affinity of -8.51 kcal/mol.These findings suggest that FAA exerts a therapeutic effect on HCC
via multipathway pharmacological mechanisms, offering the potential to improve patient outcomes. The
study provides a foundation for clinical validation and the development of novel anti-cancer drugs.

Keywords: Folium Artemisiae Argyi; Hepatocellular Carcinoma; Network Pharmacology;
Pharmacological Mechanism

Introduction

One of the primary malignant tumours, liver cancer is distinguished by its great aggressiveness, dismal
prognosis, and high death rate (Tang et al., 2022). With 830,200 fatalities and 905,700 new cases
reported in 2020, it ranks third globally in terms of cancer-related mortality, after colorectal and lung
cancer (Rumgay et al, 2022). A poor prognosis is associated with liver cancer, with a
mortality/incidence ratio of 0.92. With 75-85% of cases, hepatocellular carcinoma (HCC) is the most
prevalent form of primary liver cancer (Rumgay et al., 2022). It frequently coexists with underlying liver
diseases such chronic hepatitis or cirrhosis. Alcohol use, non-alcoholic steatohepatitis (NASH),
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hepatitis B virus (HBV), and hepatitis C virus (HCV) are the primary risk factors (Mittal & El-Serag,
2013). Although surgery is now the best treatment choice for HCC, the age-standardized relative 5-year
survival rate is only 18.1%. After removal, tumour recurrence is frequent (Hassanipour et al., 2020). A
positive prognosis for patients with HCC is not always guaranteed by a number of treatment modalities,
especially when applied in their early phases. These include biological therapy, transcatheter arterial
chemoembolization, resection, tumour ablation, liver transplantation, interventional radiology, and
chemotherapy (Balogh et al., 2016; El-Serag 2011; Hilmi et al., 2019). Furthermore, treatment with
medications like Sorafenib and Lenvatinib barely prolong the life of patients identified in an advanced
stage by no more than three months (Casadei-Gardini et al., 2021; Terashima et al., 2020). Therefore,
there is a pressing need for novel, more effective, and less toxic treatment approaches that avoid the
adverse effects associated with conventional therapies, such as radiation (Majeed & Gupta 2025).
Moreover, using a medication repurposing technique can efficiently identify and develop therapeutics
for HCC therapy (Pfab et al., 2021). This strategy decreases the chance of safety and toxicity failures
while also being a time-efficient and cost-effective alternative to traditional drug design and
development, hence speeding the process of bringing novel medications to market (Nosengo 2016;
Pushpakom et al., 2019).

Natural compounds derived from traditional medicinal plants have increasingly attracted interest due to
their wide range of pharmacological properties along with their relatively low toxicity and minimal side
effects. Folium Artemisiae Argyi (FAA) is among these medicinal plants. With its antipyretic, analgesic,
warming, and haemostatic functions, it is used internally to warm the channels, stop bleeding, dispel
cold, and relieve pain, and externally to eliminate moisture and reduce itching (Gu et al., 2022; Song et
al., 2019). FAA contains a variety of bioactive components, including flavonoids, glycosides,
triterpenoids, tannins, sterols, and essential oils (Lv et al., 2013; Zhang et al., 2013). FAA can exhibit
antiasthmatic, antitussive and expectorant, liver-protective, anticancer, antioxidant (Xia et al., 2019;
Xiao et al., 2019), antibacterial, and antiviral properties (Guan et al., 2019). A recent study found that
Folium Artemisiae Argyi can decrease malignant hepatoma cell proliferation by causing apoptosis (Liu
et al.,, 2018). However, the mechanism of action of this plant in HCC therapy has not been well
investigated.

In order to evaluate biological system networks and choose important signal nodes for the creation of
multi-target drugs, network pharmacology is a unique paradigm that combines network science,
pharmacology, and systems biology. Studies on drug development and discovery can benefit from this
approach. It employs machine learning to create disease-gene-target-drug interaction networks to
investigate multi-component, multi-target, and multi-molecule processes (Tang et al., 2022; Zhang, Shi
& Wang, 2023). To predict ligand-target interactions at the molecular level, molecular docking simulation
studies are also often employed in drug development (Pinzi & Rastelli, 2019). Thus, the fundamental
purpose of the current study is to apply network pharmacology and molecular docking to find in silico
Folium Artemisiae Argyi targets and predict the mechanism of action of its bioactive components in
HCC treatment.

Methodology
Screening for active ingredients and target genes in Folium Artemisiae argyi

The TCMSP database (http://Isp.nwu.edu.cn/tcmsp.php) was used to collect thorough information on
the active components of the medicinal plant FAA. Oral bioavailability (OB) is the quantity of a medicine
that enters the circulation by oral absorption and works on tissues and organs to achieve the desired
pharmacological effects. Drug-likeness (DL) is the degree to which a compound's chemical structure
resembles that of recognised medications. These two qualities are necessary for determining the
potential therapeutic usefulness of substances (Dai et al., 2022). The active ingredients were selected
based on their drug-likeness (DL) >= 0.18 and oral bioavailability (OB) > 30% (Ru et al., 2014). The
Canonical Smile structure was then obtained from the Swiss Target Prediction database
(http://www.swisstargetprediction.ch), and the names of each active chemical were entered into the
PubChem database (https://pubchem.ncbi.nlm.nih.gov/ ). Microsoft Excel was used to screen and
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aggregate all active chemicals, and the anticipated target genetic data was acquired in CSV format. To
generate a compound-target network and rank the top compounds according to the number of targets,
the anticancer targets of FAA's essential components were imported into Cytoscape 3.10.2
(https://cytoscape.org/ ).

Screening for Hepatocellular Carcinoma (HCC) and Drug-Disease Intersection Targets

Three databases were used to identify HCC-related targets: GeneCards (https://www.genecards.org/),
NCBI (https://www.nchi.nim.nih.gov), and GEPIA2 (http:/gepia2.cancer-pku.cn). By merging the
findings, an HCC-related gene set was found. The Folium Artemisiae Argyi target list and the HCC-
related gene set were loaded into a Venn Diagram (https://bioinformatics.psb.ugent.be/webtools/Venn/)
for further investigation. The primary possible treatment targets were discovered using overlapping
gene targets.

Protein-Protein Interaction Analysis and Core Target Screening

A protein-protein interaction (PPI) network was constructed to find interacting proteins. A PPI network
for Folium Artemisiae Argyi's anticancer impact was constructed using the STRING database version
12.0 (Szklarczyk et al., 2021) (http://string-db.org), with the species limited to "Homo sapiens” and an
interaction score > 0.4. The "Send Network to Cytoscape” option in the String App was then used to
instantly send the PPI network to Cytoscape 3.10.2. Topological metrics were analyzed and important
therapeutic targets were found using the Cytoscape plug-ins Cytohubba and MCODE.

Pathway enrichment analyses with Gene Ontology (GO) and Kyoto Encyclopaedia of Genes and
Genomes (KEGG)

The common targets of Folium Artemisiae Argyi and HCC were functionally analysed using ShinyGO
V0.80 (http://bioinformatics.sdstate.edu/go/). This program makes use of numerous R/Bioconductor
tools and a large collection of annotations and routes from diverse sources. The GO enrichment study
has three major modules: biological process (BP), molecular function (MF), and cellular component
(CC). To further understand the interactions and activities of these targets, a KEGG pathway analysis
was undertaken (Ge, Jung & Yao, 2020).

Active compounds-Target Molecular docking
Preparation of target protein structures

The major five target proteins' crystal structures were collected from the Protein Data Bank
(https://www.rcsb.org/). Before docking with other compounds, the co-crystallized ligands were
removed using the Discovery Studio Client v24.1 (Pawar & Rohane, 2021). The starting directory was
set to a specific docking folder and each target was imported into the software Autodock 4.0 (Morris et
al., 2009) workspace. The missing atoms have been checked first of all and repaired. Then the polar
hydrogen was added, and the Gasteiger and Kollman charges were determined. Each protein was then
used as a target after being saved in the pdbgt format.

Preparation of active compounds structures

For molecular docking, the structures of the nine active ingredients were obtained from the PubChem
database. After downloading these structures as sdf, they were imported into Chem3D software version
14.0 for energy reduction and optimization. Open Babel
(https://sourceforge.net/projects/openbabel/files/openbabel/2.4.0/ ) was then used to convert them to
pdb format. After that, the optimized structures were imported into the AutoDock 4.0 workspace, where
the root, torsions, and number of torsions were defined and translated to pdbgt format.

Docking processing and analysis

The grid was carefully created to encircle the active site of each target after loading the pdbqt files of
each compound with the corresponding target into the workspace of Autodock 4.0 for docking
simulation. The Genetic algorithms were configured with a population size of 300, 27,000 generations,
1,000,000 evaluations, and 100 Genetic Algorithm (GA) runs to optimize docking results. The five
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targets were then docked against the four active compounds, and a post-docking analysis was used to
choose the optimal binding poses. The generated protein-ligand complexes were examined with
Discovery Studio Client v21.1 (Pawar & Rohane, 2021).

Core target Gene expression and Survival analysis

Gene Expression Profiling Interactive Analysis was used to examine the top ten anti-HCC core target
genes in liver hepatocellular carcinoma (LIHC) from the GEPIA database (http://gepia.cancer-pku.cn/).
Using GEPIA, the expression levels of 10 significant target genes were examined for their impact on
disease-free survival (DFS) and overall survival (OS), with the hypothesis being tested using the Log-
rank test. A 95% confidence interval (Cl) hazard ratio (HR) from the Cox proportional hazards model
was employed in the analysis. Using a 50% median expression criterion, the samples were separated
into cohorts with high and low expression. P-values less than 0.05 were regarded as statistically
significant.

Results
Active Ingredients and Target Genes for Folium Artemisiae Argyi

Nine acceptable bioactive chemicals were selected from the TCMSP database based on the
compounds' screening criteria (Table 1). The compilation of the Swiss Target Prediction findings for
each of the nine chemicals in the Excel datasheet, together with the exclusion of repetitive drug targets,
resulted in the identification of 500 FAA prospective targets. Figure 1 shows the active ingredient/drug-
target network graph constructed in Cytoscape 3.10.2, which reflects the correspondence of the
compound's targets.

Table 1: The top key active ingredients ranked by degree method using Cytoscape software

Mol ID Names MW PubChem OB (%) DL Target
ID Score
MOL000098 Quercetin 302.25 5280343 46.43 | 0.28 100
MOL001494 Mandenol 308.56 5282184 42 0.19 100
MOL001040 (R)-naringenin 272.27 667495 42.36 | 0.21 97
MOL002883 Ethyl oleate 310.58 5363269 324 0.19 58
MOL000358 Beta-sitosterol 414.79 222284 36.91 | 0.75 44
MOL000449 Stigmasterol 412.77 5280794 43.83 | 0.76 41
MOLO005735 Dammaradienyl acetate 454.81 14137679 4483 | 0.83 30
MOL005741 Cycloartenol acetate 468.84 17750996 41.11 0.8 23
MOL005720 24-methylenecyloartanone | 438.81 634880 41.11 | 0.79 7
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Figure 1: The Drug-target network graph. The yellow nodes represent the different compounds of
FAA, the blue nodes represent the different interacted targets, and the gray edges represent the
interactions between the drugs and targets.

Hepatocellular Carcinoma (HCC) Targets and Drug-Disease Intersection Targets

The GeneCards database yielded 18753 predicted HCC targets, whereas the NCBI database yielded
11950 targets and the GEPIA2 database yielded 262. After deleting the duplicates, we had 19467
possible HCC targets. Using the Venn Diagram to combine the active chemical and HCC target lists
yielded 277 overlapping targets that were deemed prospective treatment gene targets (Figure 2).

HCC

Artemisia

Figure 2: Venn diagram of HCC (blue) and Folium Artemisiae Argyi (red) gene targets.
Examining interactions between proteins and looking for key targets

By entering the official gene symbols of 277 potential targets into the STRING 12.0 database
(http://string-db.org), a PPI network was constructed. The network's complexity was evident from its
277 nodes and 2970 edges (Figure 3A). After that, we created a network diagram of the main target
interactions by importing the PPI network into Cytoscape 3.10.2. The colors red and yellow represent
low and high degree values, respectively. Based on these values, we identified the top 100 and ten
major nodes, including AKT1, SRC, EGFR, PPARG, ESR1, BCL2, PTGS2, HSP90AA1, HIF1A, and
MAPKS3 (Table 2, Figures 3B and 3C), indicating the ten main therapeutic targets for HCC therapy using
Artemisia’'s bioactive chemicals.
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Table 2: Top 10 key gene Targets of Artemisia’s bioactive ingredients

Rank Gene Target Uniprot ID Degree
1 AKT1 P31749 172
2 SRC P12931 157
3 EGFR P00533 137
4 PPARG P37231 129
5 ESR1 P03372 126
6 BCL2 P10415 122
7 PTGS2 P35354 119
8 HSP90AAL P07900 118
9 HIF1A Q16665 116
10 MAPK3 P27361 112

Figure 3: Protein-protein interaction (PPI) analysis. (A) The PPI network was built using a String database.
(B-C) Cytoscape ranks the top 100 and ten core targets in the PPI network based on maximal clique
centrality. Proteins are shown as nodes (colours ranging from red to yellow indicate the degree of
interaction amongst anti-HCC targets). Edges reflect protein—protein interactions
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GO and KEGG Pathway Enrichment results analysis

The anti-HCC benefits of FAA's active components and related molecular processes were further
examined by GO and KEGG pathway enrichment analysis of the top 100 intersecting targets, using an
adjusted filter with a P-value < 0.05. The top ten most enriched GO words (BP, MF, and CC) were
discovered. Figure 4 (A-C) shows the results. The major active substances' anti-HCC targets are
engaged in a variety of biological processes (BP), including chemical response, programmed cell death
control, cellular response to chemical stimuli, apoptotic process regulation, and so on. Furthermore, the
targets engaged in the therapy of HCC with FAA drugs are linked to a variety of cellular components
(CC), such as vesicles, receptor complexes, Phosphatidylinositol 3-kinase complexes IA and |, the
endoplasmic reticulum, and others. Furthermore, the targets through which FAA compounds exert their
effects on HCC are involved in a variety of molecular functions (MF), including protein kinase activity,
protein serine/threonine/tyrosine kinase activity, phosphotransferase activity with an alcohol group as
acceptor, small molecule binding, and others.

Figure 4D also includes a dot map of the top ten KEGG pathways. The molecular mechanisms linked
to the anti-HCC activities of these bioactive chemicals may include cancer pathways such as the PI3K-
Akt signaling pathway, microRNAs in cancer, chemical carcinogenesis-receptor activation, and EGFR
tyrosine kinase inhibitor resistance, among others. Figure 5 depicts the relevant targets in the FAA and
PI3K-Akt signaling pathways, respectively.

Molecular docking analysis

Using molecular docking, it was shown that the five main target proteins AKT1 (PDB ID: 6HHG), SRC
(PDB ID: 1048), EGFR (PDB ID: 7U98), PPARG (PDB ID: 1KNU), and ESR1 (PDB ID: 2BJ4) interact
with four related significant compounds. The docking data are shown in Table 3, and the protein-ligand
interactions of the docked complexes are shown in Figures 6, 7, 8, and 9. With the highest score of -
7.98 kcal/mol, the results showed that quercetin had a substantial affinity for each of the five targets.
However, ethyl oleate and mandenol showed poor binding affinities of -2.67 kcal/mol and -2.49 kcal/mol,
respectively, to SRC, whereas the other two showed substantial binding affinities to all the targets. Their
greatest binding scores were -7.17 kcal/mol for mandenol and -6.97 kcal/mol for ethyl oleate.
Furthermore, (R)-naringenin showed higher binding energy with the five targets than the other
compounds, with the maximum score of -8.51 kcal/mol.

Overall, hydrogen bonding dominated the protein-ligand interactions in quercetin-protein complexes.
We found six hydrogen bonds with PPARG, four with AKT1, five with SRC, four with ESR1, and eight
with EGFR. In the complexes produced with the bioactive chemical (R)-naringenin, we found two
hydrogen bonds with PPARG, three with AKT1, five with SRC, five with ESR1, and six with EGFR.
Furthermore, alkyl/pi-alkyl interactions were the most common between mandenol and proteins. We
discovered two hydrogen bonds with PPARG but none with AKT1, two with SRC, one with ESR1, and
two with EGFR. Moreover, with ethyl oleate, we found just one hydrogen bond with SRC, ESR1, and
EGFR receptors, but none with PPARG or AKT1 receptors.
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Figure 4: Results of GO and KEGG pathway enrichment analyses of target proteins that interact with
active substances. The y-axis displays biological processes, cellular components, and molecular
function terms, while the x-axis displays the degree of enrichment. The size of the dots represents the
number of genes; a larger point suggests that more genes are engaged in the relevant process. (D)
The y-axis lists the pathway names, while the x-axis shows the number of enriched genes in each
pathway
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Figure 5: Relevant targets in the FAA ingredient signalling pathway as well as the PI3K-Akt signalling

pathway. The red rectangles represent our discovered target proteins

The presence of hydrogen bonds is generally important in molecular recognition and contributes
significantly to the stability of protein-ligand complexes.

Table 3: Molecular docking results of the four main active compounds of Artemisiae with the top five
anti-HCC core targets.

Compounds Names Molecular docking results (kcal/mol)

PPARG AKT1 SRC ESR1 EGFR
MOL000098 Quercetin -6.86 -7.80 -6.16 -6.45 -7.98
MOL001494 Mandenol -7.05 -5.86 -2.49 -6.05 -7.17
MOL002883 Ethyl oleate -6.95 -5.90 -2.67 -5.65 -6.97
MOL001040 (R)-naringenin -7.33 -8.51 -5.91 -7.47 -8.40
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Expression of anti-HCC core targets

Tepap & Ibrahim.

The GEPIA2 database was utilized to analyze the expression levels of the top ten anti-HCC core targets
AKT1, SRC, EGFR, PPARG, ESR1, BCL2, PTGS2, HSP90AAL, HIF1A, and MAPK3 in both LIHC and
normal tissue samples (Figure 10A). The observed differences in the expression of these core targets
between LIHC and normal samples suggest the involvement of multiple regulatory mechanisms in LIHC.
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Figure 10: Expression of the top ten anti-HCC core targets in LIHC (the red and grey boxes indicate tumour and normal
cells, respectively) and pathological phases. (A) Expression of the 10 key target genes in LIHC. (B) Correlation between
core target gene expression levels and LIHC pathological stages using TCGA data.

A core target cancer stage plot analysis further revealed significant correlations between the expression
levels of these targets and the pathological stages of LIHC, with p-values of 0.0536 (AKT1), 0.176
(SRC), 0.561 (EGFR), 0.241 (PPARG), 0.0304 (ESR1), 0.603 (BCL2), 0.449 (PTGS2), 0.182
(HSP90AAL), 0.0356 (HIF1A), and 0.0787 (MAPK3) (Figure 10B).
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Additionally, the prognostic significance of these targets was also assessed. Among the ten core
targets, the overexpression of ESR1 and HIF1A was strongly associated with poor prognosis and
reduced overall survival (OS) in LIHC patients. Similarly, elevated levels of ESR1 and HIF1A were
significantly linked to worse disease-free survival (DFS) outcomes in LIHC patients (Figure 11B).
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Figure 11: The relationship between core target gene expression and prognosis in patients with LIHC tumours.
There was a strong link between increased gene expression and overall survival (A) and disease-free survival
(B) of patients with tumours, as shown by the Survival map
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Discussion

HCC is difficult to diagnose, with limited therapy possibilities. While early surgical intervention can be
favorable, the hidden nature of HCC makes early detection challenging. Because of this, it is usually
found late in the course of the disease, which makes therapy challenging. In clinical practice, this is a
significant challenge that has to be resolved right now (Mroweh et al., 2021; Tang et al., 2022). The
introduction of new bioinformatics research methodologies, such as network pharmacology, has paved
the door for fresh approaches to drug discovery and development. Developing and analyzing drug-
gene-disease interaction networks (L.), predicting disease-related genes through networks, identifying
drug targets, forecasting drug functionalities for specific conditions, and creating networks for herbal
medicine are some of the basic techniques used in network pharmacology to find new targets and clarify
molecular mechanisms (Zhao et al., 2023). FAA is a medicinal plant that has demonstrated various
pharmacological properties, including anticancer activity, particularly in the treatment of hepatocellular
carcinoma (HCC) and hepatitis (Erdenebileg et al., 2024; Guo et al., 2024; Lee, Yoon & Choi, 2025).
For the first time, the pharmacological mechanism of bioactive FAA components in HCC treatment was
evaluated in this work using network pharmacology and molecular docking. Based on their drug-
likeness (DL) of > 0.18 and oral bioavailability (OB) of = 30%, nine FAA compounds were selected from
the TCMP database. An internet program was used to decide their objectives. There were 500 FAA
probable targets in all. A total of 19677 potential HCC targets were found using online databases.
Additionally, 277 overlapping targets between HCC-related targets and the possible target of FAA active
components were found.

Figure 3B shows the PPI network analysis for intersecting targets as well as the degree of connection
between the top 100 targets. Figure 3C shows the top ten key targets implicated in the anti-HCC
activities of FAA's bioactive chemicals, which include AKT1, SRC, EGFR, PPARG, ESR1, BCL2,
PTGS2, HSP90AAL, HIF1A, and MAPKS3. These genes contribute significantly to HCC cell proliferation,
migration, and apoptosis. Upregulated expression of AKT1 in HCC has been shown to enhance cell
proliferation and migration (Mroweh et al., 2021). Overexpression of SRC has been linked to the
development and metastasis of HCC (Zhao et al., 2015). Similarly, prior studies have revealed that
EGFR overexpression plays a role in HCC development, with its activation leading to HCC cells' main
resistance to sorafenib (Sueangoen, Tantiwetrueangdet & Panvichian, 2020). Furthermore, increased
PARG expression has been linked to a poor prognosis in HCC, increasing tumour development and
metastasis through DDB1-dependent regulation of c-Myc (Yu et al., 2022). Additionally, elevated HIF1A
protein levels are strongly linked to the onset, progression, and poor prognosis of HCC (Chu et al.,
2022). The Estrogen Receptor (ER), a protein produced by the ESR1 gene, is well known for stimulating
cancer cell proliferation and metastasis in breast and ovarian malignancies. In contrast to ESR2's ER[3,
ERa protects the liver and prevents cancer (O’Brien et al., 2021). It is also proven that ERa expression
is decreased in primary HCC tissues relative to normal liver or surrounding tissues, supporting its
suppressive role in HCC. (Meng & Liu, 2022). Many investigations must be conducted to clarify the
function. Furthermore, extensive data demonstrates that cancer cells avoid apoptosis and resist
therapeutic treatments by upregulating anti-apoptotic proteins in the Bcl-2 family (Hafezi & Rahmani,
2021). MAPK3 is also overexpressed in HCC and influences medication sensitivity and resistance in
cancer treatment (Lee, Rauch & Kolch, 2020). HSP90AA1 expression has been linked to a considerably
worse disease-free survival rate and a significantly increased risk of tumour recurrence in HCC patients
(Xiang, You & Li, 2018). A recent research found that ketoconazole suppresses the development of
HCC cells by accelerating mitophagy through PINK1-PRKN-mediated pathways, which is caused by
the inhibition of PTGS2, leading to mitochondrial malfunction and consequent demise (Chen et al.,
2019). On the other hand, the GEPIA2 database demonstrated that all ten key targets were differentially
expressed between HCC and normal samples, and that overexpression of these targets is associated
with a poor prognosis, overall survival, and disease-free survival in HCC patients (Figures 10 and 11).
All of these findings led us to firmly conclude that these main targets play an important role in the
evolution of HCC and constitute attractive therapeutic targets for HCC therapy with FAA components.
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The FAA target genes for HCC treatment were leveraged to construct an enrichment map of GO and
KEGG pathways using the ShinyGO online tool (Figure 4). FAA revealed its anti-HCC technique by
modulating gene targets involved in BP, such as programmed cell death control, apoptotic process
regulation, protein phosphorylation, and so on, as indicated in Figure 4. By altering protein
phosphorylation within intracellular signaling pathways and influencing the functions and characteristics
of liver cells, phosphatases have been implicated in liver diseases and the development of HCC,
according to recent research (Yoon & Lee, 2022). There may be two sides to cell death in HCC. In
advanced HCC, it can be a viable therapeutic target to restrict tumor development, even if it can promote
inflammation, fibrosis, and angiogenesis processes that are tightly regulated by varied resident and
invading host cells (Garcia-Pras et al., 2022). Additionally, Phosphatidylinositol 3-Kinase (PI3K) class
IA, PI3K I, receptor complex, nucleoplasm, endoplasmic reticulum, and other CC were linked to the
target associated with FAA's anti-HCC. Controlling endoplasmic reticulum stress, which mediates cell
death and has been related to different phases of liver damage, shows great potential for treating liver
injury and HCC, according to studies (Zhang et al., 2022). Moreover, the results showed that the target
is involved in a number of MF, including as kinase activity, protein serine/threonine/tyrosine kinase
activity, phosphotransferase activity, and others. The involvement of kinases such as EGFR and
PI3KCA in cellular transformation, tumor genesis, survival, and HCC cell proliferation are intricate and
interconnected. In recent years, the therapy of cancer has been significantly impacted by targeting these
kinases.

EGFR tyrosine kinase inhibitor resistance, the PI3SK-AKT signaling pathway, the RAS signaling system,
cancer pathways, and proteoglycans were the main metabolic pathways supporting the anti-HCC
actions of FAA active components, per the KEGG enrichment analysis. Many cellular processes depend
on the phosphatidylinositol 3-kinase (PI3K)-AKT pathway, which becomes overactive in cancers and
promotes the growth and development of tumors (He et al., 2021). Research indicates that The
PI3K/AKT and MAPK signaling pathways play pivotal roles in HCC progression by regulating cell
survival, proliferation, metabolism, cell cycle progression, inflammation, and migration. Hyperactivation
of these pathways is frequently observed in HCC, leading to uncontrolled tumor growth, resistance to
apoptosis, and enhanced metastatic potential. Therefore, compounds targeting these pathways hold
significant promise in attenuating tumor growth and preventing metastasis (Guo et al., 2024; Tian, Smit
& Jicker, 2023). It has been also that proteoglycans are common structural and functional constituents
of the extracellular matrix. Dysregulated proteoglycan expression and distribution cause extracellular
matrix dysfunction and structural instability (Wei et al., 2020). Heparan sulphate proteoglycans, found
on the surface of liver cells, are reported to be overproduced in the case of HCC as a result of cell
damage, indicating that they might be a feasible target for treating HCC (Baghy et al., 2016).
Furthermore, RAS proteins have important roles in cellular networks that control cell growth,
proliferation, survival, differentiation, adhesion, cytoskeletal dynamics, and motility (Delire & Starkel
2015). The RAS pathway is often active in 50-100% of human HCC cases, according to research, and
blocking this pathway has been shown to improve prognosis (Murugan, Grieco & Tsuchida, 2019).
Moreover, EGFR tyrosine kinase inhibitors (EGFR-TKIs) have been effectively utilized in the treatment
of a number of cancers after it was discovered that epidermal growth factor receptor (EGFR) mutations
are the cause of non-small cell lung cancer (NSCLC). Patients may surely acquire treatment resistance
owing to a multitude of factors. Examples include histological changes, shedding of ATP-binding
cassette (ABC) transporters, aberrations in downstream pathways, secondary mutations, activation of
alternative pathways, and anomalies in the EGFR-TKI-mediated apoptotic pathway (Huang & Fu 2015).
However, it has been demonstrated that lenvatinib and the EGFR inhibitor gefitinib together have
significant anti-proliferative effects in vitro in HCC cell lines that express EGFR. Additionally, this
combination works well in vivo in immunocompetent animal models, xenografted HCC cell lines, and
patient-derived HCC tumors in mice (Jin et al., 2021). Importantly, the selection of the five primary
KEGG pathways led to the discovery of eight of the primary core targets: AKT1, SRC, EGFR, ESR1,
BCL2, PPARG, HIF1A, and MAPK3. This result clearly suggested that by altering the expression of
these key targets, the five pathways could contribute significantly to FAA's anti-HCC actions. AKT1, a
serine/threonine kinase, is a crucial downstream effector in the PI3K pathway. When overexpressed or
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aberrantly activated, it contributes to tumor development, angiogenesis, and chemoresistance in cancer
(Degan & Gelman 2021). Similarly, SRC, a non-receptor tyrosine kinase, plays a significant role in
cancer pathogenesis. Its activation enhances cell motility, invasion, and resistance to apoptosis,
thereby promoting tumor progression and metastasis (Codenotti et al., 2024; Hon et al., 2025).

To verify the anticancer effect of FAA on HCC, its inhibitory capacity against significant anti-HCC targets
was evaluated using molecular docking. Particularly, docking experiments were conducted between the
four main compounds (R)-naringenin, quercetin, mandenol, and ethyl oleate, and the five main targets:
AKT1, SRC, EGFR, ESR1, and PPARG. The findings showed high binding affinities between the
proteins and inhibitors, with the exception of the SRC-mandenol and SRC-ethyl oleate interactions,
which exhibited binding energies of -2.49 and -2.67 kcal/mol, respectively. Previous studies have shown
that compounds from FAA exhibit strong bioactivities and can inhibit proteins involved in cancer
progression mechanisms (Guo et al., 2024; L. P. Tang et al., 2024). Additionally, the stability of the
protein-ligand complexes was found. However, the AKT1-mandenol, PPARG-ethyl oleate, and AKT1-
ethyl oleate complexes did not exhibit hydrogen bonding. Many studies emphasis that hydrogen bonds
are widely regarded as essential for molecular recognition and have a major role in the stability of
protein-ligand complexes (Hubbard & Haider, 2010).

The identification of FAA compounds interacting with key targets and pathways in hepatocellular
carcinoma (HCC) provides promising insights into novel therapeutic strategies. Unlike conventional
chemotherapy, FAA-derived compounds offer multi-targeted actions, lower toxicity, and potential for
combination therapies. The ability of these bioactive compounds to modulate major oncogenic
pathways highlights their strong translational potential from computational predictions to preclinical and,
eventually, clinical applications.

The strength of this study lies in the fact that it is the first to propose the potential mechanisms by which
FAA may contribute to cancer treatment. Nevertheless, the current findings are primarily based on in
silico analysis and lack experimental validation.

Future studies should involve both in vitro and in vivo experiments to further elucidate the anticancer
mechanisms of FAA compounds. Additionally, it is essential to evaluate the impact of FAA treatment
on the expression and activity of all relevant interacting proteins.

Conclusion

The primary goal of this study was to evaluate the ways in which Folium Artemisiae Argyi (FAA)
suppresses the proliferation of HCC cells by concentrating on certain compounds. FAA's therapeutic
effects encompass a wide range of biological processes and signaling pathways, including the PI3K-
AKT signaling system, the RAS signaling circuit, cancer-related pathways, proteoglycans in cancer, and
EGFR tyrosine kinase inhibitor resistance. Cell growth, proliferation, survival, and treatment resistance
are all regulated by these routes and activities. Furthermore, it was shown that overexpression of
important HCC-related targets is linked to poor prognosis and survival in HCC patients, and that these
targets showed differential expression between HCC and normal samples. In summary, it is clear that
FAA supports HCC treatment through a number of targets and pathways. However, further clinical, in
vivo, and in vitro studies are required to confirm FAA's clinical application in HCC treatment.
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