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A B S T R A C T

Introduction: Hepatocellular Carcinoma (HCC) is commonly treated with surgery, liver trans-
plantation, and chemotherapy, but recurrence and metastasis remain challenges. Natural com-
plementary therapies like propolis, known for its hepatoprotective properties, are gaining interest
due to limited efficacy and toxicity of conventional chemotherapy. This study aims to identify
core targets for HCC, assess the therapeutic potential of East Kalimantan propolis (EKP) from
stingless bees, and analyze the molecular interactions.
Methods: EKP compounds were analyzed using target prediction tools related to HCC, alongside
clinical data from the Gene Expression Omnibus (GEO) database, to identify overlapping genes
with clinical relevance. The selected genes were then subjected to protein-protein interaction
(PPI), GO and KEGG enrichment, immunohistochemical comparison and survival analysis to
identify potential core targets and related pathways for HCC therapy. Furthermore, molecular
docking and dynamics were conducted to verify the molecular interactions and stability of EKP
compounds with targets.
Results: 108 genes have been selected as HCC potential targets, which mostly associated with
MicroRNAs in cancer, chemical carcinogenesis, and viral carcinogenesis pathways. These targets
were obtained by overlapping genes from GEO clinical databases and target predictors. PPI
network analysis revealed 4 main targets of propolis in HCC. Furthermore, differential expression
genes, survival analysis, and Immunohistochemical analysis from databases suggested that
AKR1C3 and MAPK1 promote HCC progression and shorten survival rate of HCC patients. Mo-
lecular docking and dynamic studies confirmed strong binding affinity and stability of Baicalein,
Chrysin, Quercetin, and Myricetin with receptor targets within simulation time.
Conclusions: This study provides insight into the mechanism of action of EKP on HCC and iden-
tifies AKR1C3 and MAPK1 as candidate target treatments for future drug development.
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1. Introduction

Propolis is one of the promising natural ingredients with widely reported studies regarding its efficacy on hepatoprotective role. It
is strongly correlated to complex composition of active molecules in propolis. There are more than 500 bioactive compounds identified
in various types of propolis [1–3]. It is mostly composed of polyphenol, including phenolic acids, terpenoids, and flavonoids. Based on
our previous studies, propolis extract from Trigona bees in East Kalimantan, Indonesia contains high flavonoids, polyphenols, and has
antioxidant, anti-inflammatory, antibacterial and cytotoxic activity against various cancer cells, (including HepG2), specifically in
inducing apoptosis mechanism. The biological activity of propolis is in accordance with the mechanism of natural compounds that
works as hepatoprotectors [4–9].

Interestingly, common compounds found in propolis have anti-hepatocellular carcinoma activity. Chrysin and quercetin as fla-
vonoids, p-coumaric acid as benzoic acid derivatives, kaempferol as flavanonols, as well as myricetin, genkwanin and baicalein have
been reported as common substances found in propolis [10–12]. Chrysin could effectively inhibit the growth of HCC cells by in vivo
and in vitro study [13]. Myricetin can affect down regulation of YAP expression that leads to inhibition of HCC cell proliferation and
induce cell apoptosis [14]. While, quercetin affect down regulation of JAK2/STAT3 signaling pathway in HCC growth both in vitro and
in vivo [15]. Kaempferol, p-coumaric acid, genkwanin, baicalein, and caffeic acid also reported to have potential anti HCC cancer and
hepatoprotective effects in various pathway based on previous reports [16–19].

Among all the cancer types, HCC ranks third globally in cancer-related mortality and the most common primary liver cancer [20].
Among all action treatment for HCC patients, liver transplantation supplemented with chemotherapy drugs was the common [21,22].
However, postoperative recurrence and advanced metastasis pose challenges in HCC treatment [22].

Conventional chemotherapy drugs that currently available also exhibit low selectivity and serious toxic effects, with drug efficiency
rarely exceeding 25 % [23]. In addition, the application of the ’one drug, one target’ treatment strategy often fails to capture the
dynamic balance of human biological systems, increasing inefficiency and triggering other health problems [24]. As a result, addi-
tional research into novel therapeutic strategies is required for the prevention of liver cancer. One such strategy is the use of natural
components as a complementary therapy [25]. Based on our previous studies, East Kalimantan propolis is a promising natural
ingredient to combat HCC. As far as we know, there is no study on exploring the benefits of EKP as complement therapy in HCC. The
mechanism underlying propolis as an anti-HCC agent needs to be investigated due to its diversity of active compounds and its potential

Fig. 1. Flow Chart used in this study.

P.M. Kustiawan et al. Heliyon 10 (2024) e39142 

2 



to act synergistically on various target, raising questions about its mechanism of action.
Network pharmacology, one of current trend on systems-biology based methodology in in silico study [26]. This approach thor-

oughly explains the complex interactions between various components and targets [27]. New insight into important regulatory and
gene therapy targets can be obtained from the network and sub-networks mapped [28]. Thus, we can understand and create complex
networks by constructing and visualizing ’drugs-target-disease’ interaction networks [29,30]. The use of network pharmacology is
quite significant and comprehensive strategy for predicting the underlying mechanism, disease target, pathway and drug interactions.

This study aims to uncovering the potential molecular mechanisms and pathways of EKP in HCC, by using data from the Gene
Expression Omnibus (GEO) database to identify differential expressed genes in HCC [31]. The selected genes were then subjected to
additional investigation using PPI analysis, GO and KEGG enrichment analysis to identify possible targets for HCC therapy [32]. This
investigation combines molecular docking andmolecular dynamics analysis was employed to verify molecular interaction and stability
of the drug with the target gene [33]. As far as we know, this is the first study in uncovering of the possible molecular mechanism and
potential targets for EKP of Homotrigona apicalis bee for anti-HCC effects by in silico approach. The findings of this study could serve as
a basis for future experimental investigations and advance our understanding of the molecular mechanisms underlying East Kali-
mantan propolis’s activity. The workflow of this research is shown in Fig. 1.

2. Methods

2.1. EKP Extraction

Raw propolis was collected in Lempake District, Samarinda, East Kalimantan, Indonesia from stingless bee (Homotrigona apicalis).
Voucher specimens of bee were deposited at Faculty of Pharmacy, East Kalimantan Muhammadiyah University (Indonesia). Raw
propolis were dried and stored at − 20 ◦C. Dry propolis smashed into powder and placed in a maceration vessel. Ethanol solution in
concentration of 70 % was added into maceration vessel in ratio of 1:10 with propolis. Then, it was left at room temperature for 72 h.
After seven days, the solution was filtered and residue extract was repeated for the maceration process until getting clear solution.
Then, all extract solution was combined and filtered through Whatman Filter paper. EKP yielded by evaporating the solution over
waterbath shaker at temperature of 60 ◦C.

2.2. Structural preparation of EKP compounds

In our prior study, we have been reported eleven compounds identified in EKP by using UPLC-MS/MS with Multiple Reaction
Monitoring (MRM) approach [34]. There were eleven references compounds of phenolics used in analysis. However, only eight
compounds confirmed. For structural preparation, the 3D structures of eight compounds were access through https://pubchem.ncbi.
nlm.nih.gov/and saved in.sdf file. Then the structure was prepared using Autodock 4.2 by merging non-polar hydrogen molecules,
adding polar hydrogen molecules and applied Gasteiger charges. Table 1 showed eight EKP compounds along with CIDs.

2.3. Determination of HCC targets by gene expression profiling

In this study three microarray expression profile data on HCC (GSE46408, GSE84402, and GSE63898) were obtained from GEO
database http://www.ncbi.nlm.nih.gov/geo/. showed a total of normal and affected patients on HCC that used in this study. GEO2R
[35] platform was used to analyze this data set and visualized in volcano plots using the R program (ggplot2) [36]. The statistical
analysis threshold was determined as an adjusted p-value <0.05. Table 2 Proteins with log2 FC greater than or equal to 1 were
considered up-regulated and proteins with log2 FC less than or equal to − 1 are considered to be downregulated in HCC [37].

2.4. Target prediction of EKP compounds in treating HCC

The Canonical SMILES of eight propolis compounds used to identify potential disease targets using various bioinformatics tools,
they were STITCH (http://www.stitch.embl.de/) [46], SwissTargetPrediction (http://www.swisstargetprediction.ch/) [47], SEA
(https://www.sea.bkslab.org/) [48], and TargetNet (http://www.targetnet.scbdd.com/) [49]. While, the UniProt Database (http://
www.uniprot.org/id-mapping) used to align target information and protein terminology to ensure consistency and standardization

Table 1
Eight compounds of EKP.

Compounds Molecular Formula Molecular weight (g/mol) CID

Chrysin C15H10O4 254.24 5281607
Myricetin C15H10O8 318.23 5281672
Quercetin C15H10O7 302.23 5280343
Kaempferol C15H10O6 286.24 5280863
P-Coumaric Acid C9H8O3 164.16 637542
Genkwanin C16H12O5 284.26 5281617
Baicalein C15H10O5 270.24 5281605
Caffeic Acid C9H8O4 180.16 689043
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of protein names [50]. Subsequently, the disease targets were combined and removed duplicates. Finally, a Venn diagram, Venny 2.1
(https://www.bioinfogp.cnb.csic.es/tools/venny/), was used to identify disease targets that overlapped with DEG of HCC [51].

2.5. GO and KEGG enrichment analysis on potential target genes in treating HCC

To find significantly enriched biological processes and signaling pathways in the Common Target of EKP in HCC, enrichment
analysis was carried out. First, org.Hs.eg.db was used to convert Gene symbols to Ensembl IDs [52]. Next, the R package clusterProfiler
was used to perform Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis and Gene Ontology (GO) analysis using the
“enrichGO” and “enrichKEGG” functions, respectively, utilizing the KEGG database (https://www.kegg.jp/) [53,54]. A significance
threshold of p-value<0.05 and q-value<0.05 was used to select for GO-enriched categories, and the degree of enrichment was
expressed as the log10 transformed p-value. Significant categories were those having a p-value and q-value of less than 0.05. For both
the KEGG analysis and the three GO enrichment analysis modules—biological processes (BP), cellular components (CC), and molecular
functions (MF)—the top 10 enriched findings were displayed [55].

2.6. Determination of main HCC targets by PPI network construction

To select the main disease targets, a PPI network analysis was carried out using the STRING version 11.5 (https://string-db.org)
[56]. Interactions that had the greatest confidence with a combined score more than 0.900 (strictest confidence filter) were saved and
imported into Cytoscape (version 3.7.2) [57]. The cytoHubba plugin was utilized to investigate protein relationships using protein
rankingmethods, which include local and global basedmethods (degree, edge percolation component (EPC), maximum environmental
component (MNC), maximum neighborhood component density (DMNC), and maximum clique centrality (MCC), congestion, ec-
centricity, closeness, radiality, betweenness and stress, and clustering coefficient) in order to conduct a more thorough analysis of the
primary disease targets that are crucial to HCC [58].

2.7. Evaluation of main HCC targets of EKP

After obtaining proteins that have important interactions, Gene Expression Evaluation and Survival Analysis were carried out using
the UALCAN webserver (https://ualcan.path.uab.edu/) [59]. This webserver results an analysis of Gene Expression and Survival
analysis based on cancer OMICS data. This data used as reference in selecting potential disease targets by comparing the protein
expression levels in HCC and normal samples, as well as the overall survival rates of HCC patients. Subsequently, selected main disease
targets were subjected to immunohistochemical observations from the Human Protein Atlas (HPA) database (http://www.
proteinatlas.org/) [60]. This database provided valuable information on protein expression levels of the hub genes in cancerous
specimens compared to normal specimens [61]. The HPA database consists of over 10 million pictures illustrating human protein
expression patterns in various tissues and cells [62]. The results of this evaluation will determine the HCC main targets by EKP which
would be verified in the Molecular Docking and Dynamics Simulation studies.

2.8. Molecular docking of EKP compounds with main targets of HCC

Based on previous evaluations, the AKR1C3 and MAPK1 have been selected as potential therapeutic targets and their binding

Table 2
Three sets of gene expression profiles for HCC analyzed in this study.

Dataset Sample Size (Normal vs
Affected)

Sequencing Platform Locations References

GSE46408 12 (6/6) GPL4133 Agilent-014850 Whole Human Genome Microarray 4 × 44K
G4112F

Taiwan [38]

GSE84402 28 (14/14) GPL570 [(HG-U133_Plus_2) Affymetrix Human Genome U133 Plus 2.0
Array]

China [39]

GSE63898 396 (168/228) GPL13667 [HG-U219] Affymetrix Human Genome U219 Array United State
America

[40–45]

Table 3
Grid settings for specific docking.

Proteins PDB ID Grid Position

Center Dimensions

x y z x y z

AKR1C3 6GXK − 1.36 28.513 18.989 40 40 40
MAPK1 1TVO 6.23 − 3.419 17.175 40 40 40
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interaction with propolis compounds were continuously verified using Molecular Docking. The protein structures of AKR1C3 and
MAPK1 were obtained from RCSB Protein Data Bank (http://www.rcsb.org/) [63–66]. While, the structures of eight EKP compounds
and references drug (Indomethacin, AKR1C3 Inhibitor and Selumetinib,MAPK1 Inhibitor) were obtained from the PubChem database
(https://pubchem.ncbi.nlm.nih.gov/) [67]. Then, protein and ligand (compounds) was prepared by using the BIOVIA Discovery
Studio Visualizer software and the Open Babel tool integrated into the PyRx software version 0.9.9. The docking procedure was carried
out using AutoDock Vina software integrated into PyRx [68,69]. Grid coordinates were assigned to the active site of each protein, as
shown in Table 3. BIOVIA Discovery Studio Visualizer and PyMOL software visualized the docking results in three dimensions [70,71].
Finally, the top two compounds with the highest binding affinity (lowest binding energy) on the binding with AKR1C3 and MAPK1,
will be analyzed using the PLIP (Protein-Ligand Interaction Profiler), https://plip-tool.biotec.tu-dresden.de/plip-web/plip/index
webserver to see the interactions formed during molecular docking simulation [72,73]. The formula for binding free energy in
Autodock was used an estimated free energy of binding [74]:

ΔG (
kcal
mol

)=G bound(
kcal
mol

) − G unbound(
kcal
mol

)

Note: ΔG= Gibbs energy/Free binding energy G bound= Final intermolecular energy+ Final torsional energy+ Torsional free energy
G unbound = unbound system’s energy.

2.9. Molecular dynamics of selected EKP compounds and main HCC targets

Molecular dynamics simulation was used to confirm the most significant binding affinity data found by molecular docking studies
[75]. The GROMACS program and the CHARMM36 force field for every complex, including chemicals and drug control, were used to
perform the molecular dynamics simulation. The simulation was carried out using the TIP3P water model, and the necessary quantity
of sodium and chloride ions were added to create a 0.15 NaCl solution [76]. The system was subjected to periodic boundary conditions
(PBCs) in all spatial directions. The study employed LINCS algorithms to facilitate the analysis while imposing constraints on all
hydrogen bonds. To reduce the impact of van der Waals and short-range electrostatic interactions, a distance cutoff of 1.2 nm was
employed. The calculation of the long-range electrostatic forces was done using the Particle Mesh Ewald algorithm (PME). The sys-
tem’s energy was reduced by utilizing the steepest descent algorithm. Subsequently, the system was permitted to attain an equilibrium
state via the NVT ensemble employing the V-Rescale thermostat at a temperature of 310 K. This was followed by achieving equilibrium
through the NPT ensemble utilizing the Parrinello-Rahman barostat at a pressure of 1 atm. The individual chemicals were subjected to
a simulation lasting 50 ns, while the complex system underwent a simulation lasting 10 ns [77,78]. During the MD simulations,
root-mean-square deviation (RMSD), root-mean-square fluctuation (RMSF), and Radius of gyration (Rg) analysis were used to measure
stability of the docked complexes using following equation:

Fig. 2. Volcano plot of the distribution genes in patients with HCC in DEGs (A) GSE46408, (B) GSE84402, (C) GSE63898, Red depict high
expression genes and blue depict lower expression genes in patients with HCC, (D) intersection between DEG HCC (GSE46408, GSE84402, and
GSE63898) and potential targets from EKP compounds.
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RMSD=
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RMSF=
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Rg=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1
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2

√
√
√
√ (3)

Where N represent as the number of protein atoms in formula (1) and formula (3), xm, ym, zm is the initial coordinates and x1, y1, z1 is
the trajectory coordinates at frame t (specified time) in formula (1), T represent as trajectory frame numbers and x is the time averaged
position in formula (2), r(i) demonstrate the coordinates of the atom i and rcenter is the center of mass [79].

3. Results

3.1. Target prediction of EKP compounds in treating HCC

By using gene expression profiling from GEO databases, a total of 5043 upregulated genes in HCC-affected groups were collected.
These gene were obtained from three microarray expression profile data (GSE46408, GSE84402, and GSE63898), in which these gene
were categorized as up-regulated and down-regulated based on logFC values in filtering process. These data sets were visualized in
Fig. 2A, B, and C, as well as in Table 4. Moreover, 265 potential targets from an input of eight canonical smiles of EKP compounds in
target prediction tools (SwissTargetPrediction, SEA, STITCH and TargetNet) were obtained. After overlapping the 5043 upregulated
genes in HCC with 265 potential targets by EKP compounds, a total of 108 potential targets of EKP in HCC were obtained (Fig. 2D).

3.2. Result of GO and KEGG enrichment analysis

108 potential targets of HCC were used to perform GO and KEGG enrichment analysis in R package cluster Profiler. Fig. 3 displays
the top ten enriched GO terms for each category. From the analysis of biological processes, the majority of therapeutic targets are rich
in Long-chain fatty acid metabolic process, Steroid metabolic process, Unsaturated fatty acid metabolic process, Olefinic compound
metabolic process, Icosanoid metabolic process, Response to xenobiotic stimulus, etc. The top ten enriched GO terms in each category
are shown in Table 5. From the perspective of biological processes, the therapeutic targets are mainly enriched in Long-chain fatty acid
metabolic process, Steroid metabolic process, Unsaturated fatty acid metabolic process, Olefinic compound metabolic process, Ico-
sanoid metabolic process, Response to xenobiotic stimulus, etc. For cellular components, Protein kinase complex, Chromosomal re-
gion, Mitotic spindle, Midbody, Protein kinase complex, etc. For molecular functions, including Protein serine kinase activity,
monooxygenase activity, Steroid hydroxylase activity, etc.

KEGG pathway analysis of the differentially expressed genes uncover numerous significantly enriched pathways, including
MicroRNAs in cancer, chemical carcinogenesis - DNA adducts, Linoleic acid metabolism, Nitrogen metabolism, Human cytomegalo-
virus infection, viral carcinogenesis, Tryptophan metabolism, Lipid and atherosclerosis, etc. (Fig. 4). The top ten enriched pathways
which are known to have crucial roles in signaling pathways linked to advancement of HCC, are displayed in Fig. 6 and Table 6. In
general, the result of GO and KEGG enrichment analyses shed light on the biological processes and pathways which dysregulated in the
conditions under study and may offer prospective therapeutic targets for further investigation.

3.3. Protein Protein interaction analysis of potential HCC core targets

A total of 108 potential targets of EKP in HCC were subjected to PPI network analysis using STRING with the use of highest
confidence parameter of combined score>0.900 (the strictest confidence filter) and Cytoscape software integrated with the cytoHubba
plugin. In results, 21 targets were obtained. Among the 21 proteins, CYP3A4, AKR1C3, CYP1A1, and MAPK1 were at the top with their
occurrence in ten different methods. In addition, the CDK1 protein was present in eight methods, CXCL12 and RXRA in seven methods,
CYP1A2 in five methods, CYP17A1, CYP2C19, HSD17B2, PIK3R1, and ESR1 in four methods CYP2C8, COMT, NR0B2, NR1I2 proteins

Table 4
Datasets of HCC from the GEO database, comprising sequencing platforms and groups (affected vs control).

Dataset Sequencing Platform Control Affected Total Analysis Gene

Upregulated Downregulated

GSE46408 GPL4133 6 6 5372 1232
GSE63898 GPL570 168 228 452 1246
GSE84402 GPL14951 14 14 2768 1847
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in three methods, lastly, DNM1, NEK2, CYP2C9, and ALDH2were only present in twomethods. In addition, graphical representation of
the occurrence of filtered protein in various cytoHubba methods is shown in Fig. 5 and Table 7. The final results discovered four main
targets, they are CYP3A4, AKR1C3, CYP1A1, and MAPK1.

3.4. Compounds-target-pathway (C-T-P) network construction of HCC in treatment with EKP

Compound-target-pathway (C-T-P) network was constructed to visualize four selected main HCC targets which connected to eight
EKP compounds and their related pathway in KEGG analysis results. Fig. 6 depicted the main targets that related on chemical
carcinogenesis, MicroRNAs in cancer, steroid hormone biosynthesis, lipid and atherosclerosis, tryptophan metabolism and linoleic
acid metabolism. Based on C-T-P network, all propolis compounds connected the main targets in treating HCC (Fig. 6). These inter-
action of EKP compounds with the main targets will be validated through molecular docking and molecular dynamic simulations.
However, evaluation of these targets based on their gene expression levels and survival rates in HCC patients were firstly evaluated to
identify the specific targets.

3.5. Evaluation of main disease targets of EKP in treating HCC

Our analysis suggests that AKR1C3 and MAPK1 are promising candidate of HCC targets by EKP. This finding was supported by the
mRNA expression of AKR1C3 andMAPK1 that significantly upregulated in HCC tissue compared with normal (Fig. 7A). In addition, the
correlation of overexpressed targets in HCC tissue was confirmed through the results of the Kaplan-Meier survival curve. The results
showed that high expression of AKR1C3 and MAPK1 significantly impact on low survival rate and poor prognosis of HCC patients
(Fig. 7B). Furthermore, additional observations of AKR1C3 and MAPK1 in HCC and normal tissue in immunohistochemical expression
were shown in Fig. 7C. This finding revealed that MAPK1 and AKR1C3 may promote carcinogenesis progression in liver hepatocellular
carcinoma.

3.6. Molecular docking of EKP compounds with MAPK1 and AKR1C3 as core targets in treating HCC

In this study, molecular docking protocol was firstly validated by re-docking crystallized native ligand of protein structures and
measure the RMSD. Molecular docking was performed using the crystal structures of AKR1C3 and MAPK1 (PDB ID: 6GXK and 1TVO).
The results of RMSD native ligand in validation step were below 2 Å for both AKR1C3 and MAPK1. Subsequently, eight compounds of
propolis were docked using the same protocol. Based on the binding free energy value in the molecular docking results with the major
targets, the best propolis compounds were identified. The energy released during bond formation and contact between a protein and a
ligand (small molecules) is known as binding free energy, or binding affinity (ΔG). The more negative values indicating the more stable

Fig. 3. The results of GO enrichment analysis pertaining to biological processes, cellular components, and molecular functions.
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and strong interaction of complex. This result of the molecular docking represented in kcal/mol. Therefore, ligands with the stronger
binding affinity had more negative binding free energy in kcal/mol. Thus, the compounds with lower binding energy than references
drug control was selected to molecular dynamics simulation in order to validate the findings of new drug candidates [80].

In this study, the docking results of the AKR1C3 showed that baicalein and chrysin had lowest binding energy with the targets in
− 9.6 and − 9.2 kcal/mol, respectively. While, AKR1C3 reference drug (Indomethacin) showed similar binding energy to chrysin (− 9.2
kcal/mol). Docking results of MAPK1 showed that quercetin and myricetin had lower binding energy (− 8.4 kcal/mol) than its

Table 5
The top ten results of GO enrichment analysis.

ID Description p-value p.adjust Qvalue

BP GO:0009410 Response to xenobiotic stimulus 4.87E-
15

1.57E-
11

1.02E-
11

BP GO:0006690 Icosanoid metabolic process 2.81E-
13

2.48E-
10

1.61E-
10

BP GO:0120254 Olefinic compound metabolic process 3.03E-
13

2.48E-
10

1.61E-
10

BP GO:0008202 Steroid metabolic process 3.08E-
13

2.48E-
10

1.61E-
10

BP GO:0033559 Unsaturated fatty acid metabolic process 2.10E-
12

1.35E-
09

8.77E-
10

BP GO:0032496 Response to lipopolysaccharide 1.06E-
11

5.71E-
09

3.70E-
09

BP GO:0002237 Response to molecule of bacterial origin 2.70E-
11

1.01E-
08

6.54E-
09

BP GO:0019369 Arachidonic acid metabolic process 2.70E-
11

1.01E-
08

6.54E-
09

BP GO:0010038 Response to metal ion 2.81E-
11

1.01E-
08

6.54E-
09

BP GO:0001676 Long-chain fatty acid metabolic process 3.21E-
11

1.03E-
08

6.71E-
09

CC GO:0061695 Transferase complex, transferring phosphorus-containing groups 3.02E-
04

3.81E-
02

3.29E-
02

CC GO:0098687 Chromosomal region 3.17E-
04

3.81E-
02

3.29E-
02

CC GO:0072686 Mitotic spindle 4.98E-
04

3.98E-
02

3.44E-
02

CC GO:0030496 Midbody 9.33E-
04

4.83E-
02

4.17E-
02

CC GO:1902911 Protein kinase complex 1.16E-
03

4.83E-
02

4.17E-
02

CC GO:0097431 Mitotic spindle pole 1.21E-
03

4.83E-
02

4.17E-
02

CC GO:1904090 Peptidase inhibitor complex 1.62E-
03

4.94E-
02

4.26E-
02

CC GO:0034774 Secretory granule lumen 2.10E-
03

4.94E-
02

4.26E-
02

CC GO:0060205 Cytoplasmic vesicle lumen 2.21E-
03

4.94E-
02

4.26E-
02

CC GO:0031983 Vesicle lumen 2.29E-
03

4.94E-
02

4.26E-
02

MF GO:0008395 Steroid hydroxylase activity 6.36E-
11

2.64E-
08

2.02E-
08

MF GO:0004497 Monooxygenase activity 4.83E-
10

1.01E-
07

7.68E-
08

MF GO:0016725 Oxidoreductase activity, acting on CH or CH2 groups 2.87E-
09

3.99E-
07

3.05E-
07

MF GO:0070330 aromatase activity 5.81E-
09

5.52E-
07

4.22E-
07

MF GO:0016705 Oxidoreductase activity, acting on paired donors, with incorporation or reduction of molecular
oxygen

7.48E-
09

5.52E-
07

4.22E-
07

MF GO:0020037 Heme binding 7.96E-
09

5.52E-
07

4.22E-
07

MF GO:0046906 Tetrapyrrole binding 1.57E-
08

9.33E-
07

7.13E-
07

MF GO:0004674 Protein serine/threonine kinase activity 2.47E-
08

1.29E-
06

9.83E-
07

MF GO:0106310 Protein serine kinase activity 2.81E-
08

1.30E-
06

9.93E-
07

MF GO:0016836 Hydro-lyase activity 7.52E-
08

3.13E-
06

2.39E-
06
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reference drug, Selumetinib (− 7.8 kcal/mol). This result supported that baicalein, chrysin, quercetin, and myricetin show better
binding affinity than the reference drug (Fig. 8). Interaction analysis of selected propolis compounds with AKR1C3 and MAPK1
depicted in Table 4. The presence of hydrogen and hydrophobic bonds give significant effect on lower binding energy and the stability
of interactions. Several active residues of proteins were assessed for their ability to form hydrogen and hydrophobic bonds with
propolis compounds, supported by the close distance of interaction (Table 8). Furthermore, baicalein, chrysin, quercetin, and myr-
icetin will be subjected to molecular dynamics to validated their stability and docking results.

Molecular analysis of interaction between top ligands and binding site of MAPK1 shown in Fig. 9. This finding revealed that all
ligand binds to the same key residues in active site of protein. Lys54, Gln71, Gln105, and Met108 form strong hydrogen bonds with
ligands. While, Ile31, Val39, Ala52, and Lys54 form strong hydrophobic contact with ligands. Previous study by Sizhen Gu and team
(2020), also found that the most active ligand of MAPK1 was bind with lysine residue of Lys54, alanine residue of Ala52 and
methionine residue of Met108 [81]. Selumetinib used as reference compound for MAPK1. The molecular docking result revealed that
both quercetin and myricetin have more stronger binding to MAPK1 than selumetinib based on the molecular interaction and binding
score. Therefore, both quercetin andmyricetin have potential activity to act onMAPK1. The similar result was also demonstrated in the
molecular docking of AKR1C3 with propolis compounds. Fig. 10 showed that all ligands bind to the same binding site of protein.
Tyr55, Lys84 and Asn167 evaluated as active residues which form hydrogen bonds with ligands. While, Val228, Tyr216, and Phe306
form hydrophobic bonds with ligands. Both ligand baicalein and chrysin have comparable binding score with indometachin as
reference substance. Tyr55 has reported as main binding point amino acids of AKR1C3 which is part of catalytic tetrad with Lys84,
moreover, the most active compounds that targeting AKR1C3 reportes to form hydrophobic bond with Tyr216 in Gabriele Möller and
team research [82]. Therefore, both ligands of baicalein and chrysin have potential activity on targeting AKR1C3.

3.7. Molecular dynamics

Molecular Dynamics studies were performed to understand the binding stability of the ligand-complexes. First, molecular dynamic

Fig. 4. Sankey diagram for Kyoto Encyclopedia of Genes and Genomes (KEGG) signaling pathway analysis.

Table 6
The top ten results of KEGG enrichment analysis.

ID Description Genes

hsa00140 Steroid hormone biosynthesis AKR1C3, HSD17B2, CYP17A1, CYP3A4, CYP1A2, CYP1A1, COMT
hsa00790 Folate biosynthesis AKR1C3, QDPR, AKR1B10, ALPL, AKR1B1
hsa05204 Chemical carcinogenesis - DNA adducts PTGS2, CYP3A4, CYP2C9, CYP2C8, CYP2C19, CYP1A2, CYP1A1
hsa00591 Linoleic acid metabolism CYP3A4, CYP2C9, CYP2C8, CYP2C19, CYP1A2
hsa00910 Nitrogen metabolism CA12, CA5A, CA2, CA5B
hsa05163 Human cytomegalovirus infection CXCL12, PTK2, PTGS2, PTGER4, PTGER2, MAPK1, PIK3R1, RHOA, CREB1, CDK6, CDK4
hsa05203 Viral carcinogenesis CDK1, HDAC4, SYK, MAPK1, PIK3R1, RHOA, HDAC2, CREB1, CDK6, CDK4
hsa00380 Tryptophan metabolism CAT, MAOB, ALDH2, CYP1A2, CYP1A1
hsa05417 Lipid and atherosclerosis RXRA, PTK2, MAPK1, PIK3R1, MMP9, MMP1, RHOA, CYP2C9, CYP2C8, CYP1A1
hsa05206 MicroRNAs in cancer CDC25B, HDAC4, PTGS2, MAPK1, PLAU, PIK3R1, MMP9, MCL1, RHOA, HDAC2, DNMT1, CDK6

P.M. Kustiawan et al. Heliyon 10 (2024) e39142 

9 



results revealed that AKR1C3 protein alone have average RMSD of ~0.125 Å after 50 ns trajectories. The RMSD fluctuation appears to
not change too much after it binds with Baicalein, Chrysin, and Indomethacin to form complexes; the average RMSD for each complex
with AKR1C3 is approximately ~0.123 Å, ~0.141 Å, and ~0.147 Å. Fig. 11A showed that In apo-6GXK, means AKR1C3 alone, it is
form a stable systems in the beginning until 12 ns, then the fluctuation continues to increase during the simulation up to 0.214 Å, then
stabilizes again until the end of the simulation. While, Baicalein-AKR1C3 complex have a stable RMSD movement for 10 ns and
fluctuated until final simulation of 50 ns. Furthermore, the Chrysin-AKR1C3 complex reached a stable state at the beginning of the
simulation to 30 ns, and no significant fluctuations occurred until final. However, it is different from the Indomethacin complex during
the simulation. Various fluctuations indicate that Indomethacin has a higher degree of flexibility than other complexes (Fig. 11A).

Then the RMSD result on apo-1TVO, means MAPK1 alone has an average RMSD of ~0.232 Å. While, Quercetin, Myricetin, and

Fig. 5. PPI network analysis with Cytohuba plugin for selecting main targets of HCC by propolis.

Table 7
List of the targets included in at least two methods from twelve different methods of the cytoHubba plugin Cytoscape.

Genes Occurrences Present In (Methods)

CYP1A1 10 MCC, MNC, Degree, EPC, BottleNeck, EcCentricity, Closeness, Radiality, Betwenness, Stress
AKR1C3 10 MCC, MNC, Degree, EPC, BottleNeck, EcCentricity, Closeness, Radiality, Betwenness, Stress
MAPK1 10 Degree, Closeness, MNC, EPC, Betwenness, BottleNeck, Radiality, Stress, MCC, EcCentricity
CYP3A4 10 MNC, Degree, EPC, Closeness, Stress, Radiality, Betwenness, MCC, EcCentricity, DMNC
CDK1 8 Degree, BottleNeck, Betwenness, Radiality, Closeness, Stress, DMNC, MCC
CXCL12 7 MNC, MCC, Degree, EPC, Closeness, Radiality, Betwenness
RXRA 7 EPC, BottleNeck, Radiality, Betwenness, Stress, Closeness, EcCentricity
CYP1A2 5 EPC, MNC, Degree, MCC, Stress
CYP17A1 4 MCC, DMNC, EPC, Radiality
CYP2C19 4 MNC, MCC, EPC, Degree
HSD17B2 4 DMNC, MCC, EcCentricity, ClusteringConff
PIK3R1 4 MNC, Degree, Stress, Closeness
ESR1 4 BottleNeck, Closeness, Stress, Degree
CYP2C8 3 EcCentricity, MNC, EPC
COMT 3 BottleNeck, Betwenness, Stress
NR0B2 3 EcCentricity, BottleNeck, Radiality
NR1I2 3 Radiality, Closeness, EcCentricity
DNM1 2 DMNC, ClusteringConff
NEK2 2 DMNC, ClusteringConff
CYP2C9 2 MNC, EcCentricity
ALDH2 2 Betwenness, BottleNeck
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Selumetinib complexes with MAPK1 has an average RMSD of ~0.213 Å, ~0.187 Å, and ~0.231 Å, respectively (Fig. 12A). MAPK1 was
stable state at the beginning to 15 ns, after which the fluctuations continued to increase gradually until the end of the simulation. The
Quercetin and Myricetin complex with MAPK1 were consistently stable from the beginning to the end of the simulation. Selumetinib
was showed there is various fluctuations occurred until the end of the simulation. Finally, the results of observing the RMSD profiles of
both proteins are approximately below 2 Å, indicating that each complex is in a stable state (Fig. 12A).

Furthermore, the solvent-accessible surface area was analyzed to understand changes in protein surface area. AKR1C3 had a higher
SASA Profile with an average of ~152 nm compared to the Indomethacin complex, which -had a lower average SASA value of ~145
nm (Fig. 11C). On the other hand, MAPK1 has a lower SASA profile with an average of ~29 nm, while Quercetin’s SASA profile was
higher with an average of ~183 nm. This defines the lower SASA profile value as indicating tighter folding and reduced solvent
accessibility (Fig. 12C).

Finally, to understand the structural stability of the protein-ligand complex, we determined the compactness of the protein
structure by calculating Rg. Based on the Rg plot, it shows that the structural dynamics of AKR1C3, Baicalein, Chrysin, and Indo-
methacin complexes are relatively stable throughout the simulation time, with average Rg values of ~1.90 nm, ~1.89 nm, ~1. 88 nm
and~1.89 nm, respectively (Fig. 11D). Then, the structural dynamics of MAPK1, Quercetin, Myricetin, and Selumetinib complexes are

Fig. 6. Network construction of East Kalimantan propolis compounds-Target-Pathway (C-T-P), green diamond depict propolis compound, red
rectangle depict main target, and orange diamond depict related pathways.

Fig. 7. Differential expression of four core genes in normal tissues and HCC Analysis expression in HCC and adjacent normal tissue (A), survival
analysis based on UALCAN database (B) and Immunohistochemical images of MAPK1 and AKR1C3 (C). *P < 0.05, and ***P < 0.001.
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also relatively stable throughout the simulation time, with average Rg values of ~2.17 nm, ~2.19 nm, ~2.18 nm, and ~2.19 nm,
respectively (Fig. 12D).

4. Discussion

HCC is the sixth most frequently diagnosed cancer and accounts for approximately 70–85 % of global cases, posing a significant
health problem [83,84]. The primary treatment of early-stage HCC patients is commonly involved surgical resection and liver
transplantation, often combined with chemotherapy. However, the recurrence patients after surgery, often experiences an advance

Fig. 8. Heatmap docking results.

Table 8
Best Results Docking and Drug Control with Protein-ligand interaction in detail.

Protein Ligand Binding Affinity (Kcal/Mol) Interaction

Hydrogen Bond Distance (Å) Hydrophobic Interaction Distance (Å)

AKR1C3 Baicalein − 9.6 Tyr55 22.6 Tyr216 3.79
Lys84 2.84 Trp227 3.45
His117 3.03 Val228 3.66
Gln190 2.28 Tyr305 3.59
  Phe305 3.53

Chrysin − 9.2 Tyr55 2.40 Val228 3.56
Lys84 3.42 Phe306 3.66
Ser166 3.13  
Asn167 2.01  

Indomethacin (Reference) − 9.2 Asn167 2.12 Tyr216 3.67
Gln222 3.30 Phe306 3.35

MAPK1 Quercetin − 8.4 Ala52 2.57 Ile31 3.59
Lys54 2.47 Val39 3.92
Gln105 3.74 Ala52 3.74
Met108 2.14 Lys54 3.51
Asp111 3.02 Leu156 3.59
Lys114 2.70  

Myricetin − 8.4 Lys54 2.24 Ile31 3.96
Glu71 3.06 Val39 3.85
Ile103 2.49 Ala52 3.74
Gln105 2.03  
Met108 3.35  
Thr110 2.77  

Selumetinib (Reference) − 7.8 Lys54 3.56 Ile31 3.76
Glu71 2.13 Val39 3.65
  Ala52 3.99
  Lys54 3.71
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metastasis [85]. Following surgical resection, the recurrence rate of HCC can rise to 70 % after two and five years, especially in cases
with the symptoms of AFP (alpha fetoprotein) levels that exceeding 2000 ng/dL and micrometastasis invasion from primer tumor to
the main portal trunk. This condition significantly reduced the survival rate of patients to less than 50 % [86]. In recent medication,
laparoscopic liver resection has emerged as an effective and a minimally invasive method for HCC resection. However, this treatment is
more expensive than open surgery [87]. Therefore, natural complementary treatment may play a crucial role in new strategies for
postoperative HCC treatment. Based on our previous study, East Kalimantan propolis exhibits significant bioactivity, containing rich
antioxidant, polyphenol and flavonoids content as essential components for HCC treatments. Moreover, our previous reports indicate
that east Kalimantan propolis have cytotoxic activity on human liver cancer cell line (HepG2 cell) [4,5].

In this study, we employed a network pharmacology and bioinformatics analysis approach to investigate underlying mechanism of
East Kalimantan propolis in treating HCC [88]. A total of 108 potential HCC core targets of EKP compounds were identified through
microarray expression profile datasets (GSEs) and various target prediction tools. KEGG pathway analysis of these targets revealed that
the "microRNAs in cancer" pathway was the top result, as it is associated with most of the identified genes. Previous reports stated that
the gene encoding miR-122 plays an important role in liver metabolism by inhibiting tumorigenesis and contributing to the main-
tenance of liver homeostasis [89,90]. Additionally, according to reports, microRNA can help overcome the side effects of Sorafenib, a
first-line treatment for hepatocellular carcinoma, by inhibiting its target TYRO3 through the PI3-Kinase/AKT pathway [91,92].

Fig. 9. (A) Superposition of Myricetin (red), Quercetin(yellow), and Selumetinib (green) nside the binding cavity of MAPK1. Amino acid interaction
of MAPK1 with (B) Myricetin, (C) Quercetin, and (D) Selumetinib.

Fig. 10. (A) Superposition of Baicalein (red), Chrysin (yellow), and Indomethacin (green) nside the binding cavity of AKR1C3. Amino acid
interaction of AKR1C3 with (B) Baicalein, (C) Chrysin, and (D) Indomethacin.
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Fig. 11. Molecular dynamics simulation for AKR1C3. Analysis of (A) RMSD (Root Mean Square Deviation); (B) RMSF (Root Mean Square Fluc-
tuations); (C) SASA (Solvent Accessible Surface Area) and (D) Rg (Radius of Gyration).

Fig. 12. Molecular dynamics simulation for MAPK1. Analysis of (A) RMSD; (B) RMSF; (C) SASA and (D) Rg.
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Additionally, pathways such as lipids and atherosclerosis, viral carcinogenesis, and other HCC-related signaling pathways (as seen in
Fig. 4.) were also significantly enriched in the KEGG analysis of the core targets.

Furthermore, our finding reveals the core targets mainly enriched in the biological process of long-chain fatty acid metabolic
process, steroid metabolic process, unsaturated fatty acid metabolic process, olefinic compound metabolic process, icosanoid meta-
bolic process, and response to xenobiotic stimulus. A previous study reported that the metabolic process causing HCC is the dysre-
gulation of fatty acid metabolism caused by oncogene dysregulation, triggering metabolic reprogramming that results in
carcinogenesis [93]. Other metabolic processes mention the role of alcohol catabolism in influencing lipid metabolism, causing hepatic
steatosis and inhibiting fatty acid oxidation (FAO) [94]. Thus, the results of biological process enrichment are mostly centered around
various metabolic processes [95].

In results, among those potential HCC targets by EKP, there are 4 main targets (CYP1A1, AKR1C3, MAPK1, and CYP3A4) as the
most significance based on PPI analysis. However, only two of them, AKR1C3 and MAPK1, were chosen as core targets in HCC
treatment based on their overexpression in HCC tissue and their association with poor prognosis in HCC patients. These targets affect
significantly on lower survival rates of HCC patients with supported the high expressed level of targets in HCC tissues. Additionally,
AKR1C3 and MAPK1 play a role in steroid hormone synthesis and microRNAs in cancer, respectively.

According to previous reports, the AKR1C3 gene was identified as a potential core targets for HCC therapy, playing a role in
controlling cell growth and/or differentiation [96]. It further activated the essential signaling pathways such as MEK/ERK and
androgen receptor pathways, contributing to aggressive growth and colony formation of HCC cells [97,98]. A prior study have
demonstrated that inhibition of AKR1C3 using the inhibitor indometachin results in a notable reduction in tumor growth both in vitro
and in vivo. This effect is linked to the suppression of AKR1C3 activity leads to reduction of PGF2α and inhibited the PGF2α receptor
(PTGFR) which significantly reduces HCC growth [99]. Targeting AKR1C3-PGF2α-PTGFR pathway may also offer a new therapeutic
approach for HCC treatment. Additionally, another prior study reported that AKR1C3 over expression enhances the proliferation of
HCC cells and contributes to acute sorafenib resistance. Downregulation of AKR1C3 restrained cell proliferation and increased the
sensitivity of liver cancer cells to sorefanib [100]. Thus, the prior study suggests that the combination of AKR1C3 inhibitor and
sorafenib might improve treatment outcomes for HCC patients by targeting multiple aspects of tumor growth and drug resistance
mechanisms.

Similarly, the MAPK1 gene was reported as an oncogene causing accelerated proliferation, migration, and invasion of HCC cells
[101]. While no specific therapies currently target MAPK1 in HCC, studies suggest its potential as a therapeutic target for inhibiting
tumor growth [102–104]. Research has shown that MAPK1 is more frequently expressed in HCC tissues than in peritumoral cirrhotic
liver tissues (PCLTs), linking its expression to HCC development and progression. Increased MAPK1 expression is also associated with
lower tumor differentiation, which correlates with more aggressive tumors and poorer outcomes. This makes MAPK1 a potential target
for identifying poorly differentiated and aggressive HCC cases [102]. Therefore, both AKR1C3 and MAPK1 emerge as promising
candidate targets for HCC treatment.

Furthermore, molecular docking and molecular dynamics were conducted to assess the potential of EKP compounds to target
AKR1C3 and MAPK1. In results, baicalein, chrysin, quercetin, and myricetin exhibited stable complex interaction with AKR1C3 and
MAPK1 with their RMSD values below 2 Å within simulations. these indicate that all complex reached equilibrium within 50 ns.
Similarly, the RMSF, Rg and SASA results also demonstrated that baicalein, chrysin, quercetin, and myricetin remained stable
throughout the simulation time. In comparison with indomethacin and selumetinib as reference drugs, the molecular behavior to
AKR1C3 and MAPK1 were similar with baicalein, chrysin, quercetin, and myricetin. Indomethacin is nonsteroidal anti-inflammatory
drugs that act as AKR1C3 inhibitor to combat cancer [105]. While, selumetinib is an MAPK1 inhibitor [106]. Therefore, these findings
suggest that AKR1C3 and MAPK1 may be potential therapeutic targets of EKP in the treatment of HCC, particularly with baicalein,
chrysin, quercetin, and myricetin.

Numerous previous studies supported our findings on EKP selected compounds (baicalein, chrysin, myricetin and quercetin) in
treating HCC. Baicalein has been reported to demonstrate an anti-metastatic effect by inhibiting the invasion and metastasis of HCC
tumor cell growth through the suppression of the MEK-ERK signaling pathway [107,108]. Chrysin has reported to effectively inhibit
tumor progression in the treatment of HCC by inducing HCC cell ERK1/2 phosphorylation [109]. Additionally, it enhanced mouse
anti-tumor immunity and increased the proportion of CD4/CD8 positive T cells in the tumor tissue of the H22 xenograft mouse model
[110]. Other studies revealed that Chrysin had a protective effect on the liver, showing a decrease in ALP, AST, ALT, yGT, and LDH.
Furthermore, Chrysin was able to prevent the formation of preneoplastic nodules [111]. Lastly, Quercetin and Myricetin exhibited
anti-proliferative effects and activation of growth factor-mediated cell migration by inhibiting AKT signaling [112]. This suggests that
these potential EKP compounds hold promise in the treatment of HCC.

As far as we know, this is the first study on revealing mechanism pathways of East Kalimantan propolis compounds in treating HCC
diseases and identified potential core targets in HCC treatment. Despite, the valuable insights provided by this research, it is important
to acknowledge the limitations associated with the Network Pharmacology approach. A key factor is the precision and comprehen-
siveness of the database that was utilized to find the target genes. The computer-based predictions provide only a preliminary
exploration of the potential mechanisms of drug action, and the possible errors could be appeared as the databases not fully updated
[113,114]. These findings must be validated through future pharmacological experiments and clinical trials. However, this work
provides insightful information about the possible targets and processes of EKP compounds, demonstrating their effects on HCC
through various pathways, particularly the MicroRNA cancer pathway, which plays significant role in regulating proliferation, dif-
ferentiation, apoptosis, and metabolic pathways [115,116].
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5. Conclusion

This study highlights the potential application of East Kalimantan propolis as potential supplement for therapy HCC. By using
integrative bioinformatics analysis of network pharmacology with differential expression genes analysis, survival analysis and
Immunohistochemical images, we examined AKR1C3 and MAPK1 as potential gene targets that may have strong correlation with
severity of HCC. Overall, in network pharmacology, 108 potential targets of propolis in treating HCC related to several pathways in
KEGG results, mainly MicroRNAs in cancer and chemical carcinogenesis. Survival and immunohistochemical analysis from databases
showed that AKR1C3 and MAPK3 may promote carcinogenesis progression in HCC. From our molecular docking results of eight
propolis compounds, quercetin and myricetin revealed as best ligands for MAPK1, while chrysin and baicalein revealed as best ligands
for AKR1C3. Molecular dynamics confirm that binding stability of propolis ligand complex with targets within 50 ns simulation based
on RMSD, RMSF, Rg and SASA analysis. Therefore, this study provides insight into candidate targets, pathways and therapeutic
compounds of East Kalimantan Propolis in HCC. However, to verify these results and investigate the underlying mechanisms, addi-
tional investigation is necessary. Overall, these results may have important implications for new therapeutic strategies for HCC.
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Abbreviation

EKP : East Kalimantan Propolis
HCC : Hepatocellular Carcinoma
PPI : Protein-Protein Interaction
AKR1C3 : Aldo-keto reductase family 1 member C3
MAPK1 : Mitogen-activated protein kinase 1
GEO : Gene Expression Omnibus
RMSD : Root Mean Square Deviation
RMSF : Root Mean Square Fluctuation
GO : Gene Ontology
KEGG : Kyoto Encyclopedia of Genes and Genomes
BP : Biological Processes
CC : Cellular Components
MF : Molecular Functions
HPA : Human Protein Atlas

References

[1] S. Huang, C.-P. Zhang, K. Wang, G. Li, F.-L. Hu, Recent advances in the chemical composition of propolis, Molecules 19 (2014) 19610–19632, https://doi.org/
10.3390/molecules191219610.

[2] P.M. Kustiawan, P.H. Syaifie, K.A.A.K. Siregar, D. Ibadillah, E. Mardliyati, New Insights of Propolis Nanoformulation and its Therapeutic Potential in Human
Diseases, ADMET DMPK, 2024, https://doi.org/10.5599/admet.2128.

[3] P.H. Syaifie, D. Ibadillah, M.M. Jauhar, R. Reninta, S. Ningsih, D. Ramadhan, A.G. Arda, D.W.C. Ningrum, N.M.N. Kaswati, N.T. Rochman, E. Mardliyati,
Phytochemical profile, antioxidant, enzyme inhibition, acute toxicity, in silico molecular docking and dynamic analysis of Apis mellifera propolis as
antidiabetic supplement, Chem. Biodivers. 21 (2024), https://doi.org/10.1002/cbdv.202400433.

P.M. Kustiawan et al. Heliyon 10 (2024) e39142 

16 

https://doi.org/10.3390/molecules191219610
https://doi.org/10.3390/molecules191219610
https://doi.org/10.5599/admet.2128
https://doi.org/10.1002/cbdv.202400433


[4] P.M. Kustiawan, K. Lirdprapamongkol, T. Palaga, S. Puthong, P. Phuwapraisirisan, J. Svasti, C. Chanchao, Molecular mechanism of cardol, isolated from
Trigona incisa stingless bee propolis, induced apoptosis in the SW620 human colorectal cancer cell line, BMC Pharmacol Toxicol 18 (2017) 4–13, https://doi.
org/10.1186/s40360-017-0139-4.

[5] P.M. Kustiawan, S. Puthong, E.T. Arung, C. Chanchao, In vitro cytotoxicity of Indonesian stingless bee products against human cancer cell lines, Asian Pac. J.
Trop. Biomed. 4 (2014) 549–556, https://doi.org/10.12980/APJTB.4.2014APJTB-2013-0039.

[6] P.M. Kustiawan, H. Okuyoshi, Y. Kuse, H. Izawa, Y. Saito, K. Tsuruma, C.C.H. Hara, M. Shimazawa, Protective effects of Indonesian propolis against light-
induced retinal damage, International Journal of Toxicological and Pharmacological Research 9 (2017) 163–170.

[7] P.M. Kustiawan, A. Aziz, V.N. Yuliawan, Antioxidant and antibacterial activity of various fractions of heterotrigona itama propolis found in kutai kartanegara,
Open Access Maced J Med Sci 10 (2022) 531–534, https://doi.org/10.3889/oamjms.2022.7766.

[8] M.A. Batistuta, A. Aulia, P.M. Kustiawan, Review : potensi aktivitas anti virus Dari produk alami lebah kelulut, J. Farm. Udayana (2021) 144, https://doi.org/
10.24843/JFU.2021.v10.i02.p06.

[9] A. Aziz, V.N. Yuliawan, P.M. Kustiawan, Identification of secondary metabolites and antibacterial activity of non polar fraction from heterotrigona itama
propolis, Journal of Fundamental and Applied Pharmaceutical Science 2 (2021) 23–33, https://doi.org/10.18196/jfaps.v2i1.12406.

[10] P. Bhargava, D. Mahanta, A. Kaul, Y. Ishida, K. Terao, R. Wadhwa, S.C. Kaul, Experimental evidence for therapeutic potentials of propolis, Nutrients 13 (2021)
2528, https://doi.org/10.3390/nu13082528.

[11] S. Altabbal, K. Athamnah, A. Rahma, A.F. Wali, A.H. Eid, R. Iratni, Y. Al Dhaheri, Propolis: a detailed insight of its anticancer molecular mechanisms,
Pharmaceuticals 16 (2023) 450, https://doi.org/10.3390/ph16030450.

[12] A. Pascoal, X. Feás, T. Dias, L.G. Dias, L.M. Estevinho, The role of honey and propolis in the treatment of infected wounds, in: Microbiology for Surgical
Infections, Elsevier, 2014, pp. 221–234, https://doi.org/10.1016/B978-0-12-411629-0.00013-1.

[13] W. Rong, N. Wan, X. Zheng, G. Shi, C. Jiang, K. Pan, M. Gao, Z. Yin, Z.-J. Gao, J. Zhang, Chrysin inhibits hepatocellular carcinoma progression through
suppressing programmed death ligand 1 expression, Phytomedicine 95 (2022) 153867, https://doi.org/10.1016/j.phymed.2021.153867.

[14] M. Li, J. Chen, X. Yu, S. Xu, D. Li, Q. Zheng, Y. Yin, Myricetin suppresses the propagation of hepatocellular carcinoma via down-regulating expression of YAP,
Cells 8 (2019) 358, https://doi.org/10.3390/cells8040358.

[15] L. Wu, J. Li, T. Liu, S. Li, J. Feng, Q. Yu, J. Zhang, J. Chen, Y. Zhou, J. Ji, K. Chen, Y. Mao, F. Wang, W. Dai, X. Fan, J. Wu, C. Guo, Quercetin shows anti-tumor
effect in hepatocellular carcinoma LM3 cells by abrogating JAK2/STAT3 signaling pathway, Cancer Med. 8 (2019) 4806–4820, https://doi.org/10.1002/
cam4.2388.

[16] B. Han, Y.-Q. Yu, Q.-L. Yang, C.-Y. Shen, X.-J. Wang, Kaempferol induces autophagic cell death of hepatocellular carcinoma cells via activating AMPK
signaling, Oncotarget 8 (2017) 86227–86239, https://doi.org/10.18632/oncotarget.21043.

[17] M.U. Ijaz, A. Ishtiaq, N. Ehsan, M. Imran, G. Zhu, Hepatoprotective potential of genkwanin against aflatoxin B1-induced biochemical, inflammatory and
histopathological toxicity in rats, The Pakistan Veterinary Journal 42 (2022) 493–498, https://doi.org/10.29261/pakvetj/2022.048.

[18] B. Bie, J. Sun, Y. Guo, J. Li, W. Jiang, J. Yang, C. Huang, Z. Li, Baicalein: a review of its anti-cancer effects and mechanisms in Hepatocellular Carcinoma,
Biomed. Pharmacother. 93 (2017) 1285–1291, https://doi.org/10.1016/j.biopha.2017.07.068.

[19] W. Gu, Y. Yang, C. Zhang, Y. Zhang, L. Chen, J. Shen, G. Li, Z. Li, L. Li, Y. Li, H. Dong, Caffeic acid attenuates the angiogenic function of hepatocellular
carcinoma cells via reduction in JNK-1-mediated HIF-1α stabilization in hypoxia, RSC Adv. 6 (2016) 82774–82782, https://doi.org/10.1039/C6RA07703J.

[20] P. Konyn, A. Ahmed, D. Kim, Current epidemiology in hepatocellular carcinoma, Expert Rev Gastroenterol Hepatol 15 (2021) 1295–1307, https://doi.org/
10.1080/17474124.2021.1991792.

[21] C. Meneghelli, L.S.D. Joaquim, G.L.Q. Félix, A. Somensi, M. Tomazzoli, D.A. da Silva, F.V. Berti, M.B.R. Veleirinho, D. de O.S. Recouvreux, A.C. de Mattos Zeri,
P.F. Dias, M. Maraschin, Southern Brazilian autumnal propolis shows anti-angiogenic activity: an in vitro and in vivo study, Microvasc. Res. 88 (2013) 1–11,
https://doi.org/10.1016/j.mvr.2013.03.003.

[22] C.-Y. Liu, K.-F. Chen, P.-J. Chen, Treatment of liver cancer, Cold Spring Harb Perspect Med 5 (2015) a021535, https://doi.org/10.1101/cshperspect.a021535.
[23] M. Maluccio, A. Covey, Recent progress in understanding, diagnosing, and treating hepatocellular carcinoma, CA Cancer J Clin 62 (2012) 394–399, https://

doi.org/10.3322/caac.21161.
[24] A.I. Casas, A.A. Hassan, S.J. Larsen, V. Gomez-Rangel, M. Elbatreek, P.W.M. Kleikers, E. Guney, J. Egea, M.G. López, J. Baumbach, H.H.H.W. Schmidt, From
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[45] R. Esteban-Fabró, C.E. Willoughby, M. Piqué-Gili, C. Montironi, J. Abril-Fornaguera, J. Peix, L. Torrens, A. Mesropian, U. Balaseviciute, F. Miró-Mur,
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