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Abstract
Melanoma is an aggressive skin cancer with frequent therapeutic resistance, highlighting the need for multi-target discovery 
strategies. In this study, an integrative workflow combining LC–HRMS metabolite profiling, network pharmacology, structure-
based modeling, and phenotypic evaluation was applied to explore the anti-melanoma potential of Zanthoxylum acanthopodium 
ethanol extract (ZAE). LC–HRMS analysis followed by ADMET-guided screening prioritized 12 candidate metabolites 
representing diverse structural classes. Integration of transcriptomic datasets, GeneCards targets, and compound-based predictions 
identified eight consensus genes, with poly(ADP-ribose) polymerase 1 (PARP1) emerging as the top hub within the protein–protein 
interaction network. Functional enrichment analysis highlighted pathways associated with DNA damage response and apoptosis-
related signaling. Molecular docking against the PARP1 catalytic domain suggested favorable binding profiles for several 
prioritized metabolites, and molecular dynamics simulation supported stable interaction behavior under dynamic conditions. In 
vitro anticancer evaluation in A375 melanoma cells demonstrated concentration-dependent reduction in viability (IC₅₀ = 128.03 ± 
10.17 μg/mL, 24 h) accompanied by apoptosis-associated nuclear alterations. Overall, this study provides a chemically informed, 
systems-level framework indicating that ZAE-derived metabolites may influence melanoma cell survival through PARP1-centered 
stress and apoptosis signaling, offering a foundation for future target validation and structure-guided optimization.    
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1. INTRODUCTION

Melanoma is one of the most aggressive forms of 

skin cancer, characterized by rapid metastatic 

progression and a persistent capacity to evade 

therapeutic pressure [1]. Although advances in 

targeted therapies and immune checkpoint 

inhibitors have improved patient survival, treatment 

resistance and tumor heterogeneity continue to limit 

durable responses [2]. Increasing attention has 

therefore shifted toward understanding melanoma 

through the lens of interconnected molecular 

networks rather than single-gene paradigms. In 

particular, signaling pathways associated with DNA 

damage response and cellular stress adaptation have 

emerged as important components of melanoma 

biology, reflecting the dynamic balance between 

 
genomic instability and tumor survival [3]. 

Natural products remain a valuable source of 

structurally diverse small molecules with potential 

anticancer activity [4][5]. Modern metabolomics 

approaches, especially liquid chromatography–high

-resolution mass spectrometry (LC-HRMS), enable 

comprehensive profiling of phytochemical 

constituents at the molecular level, allowing more 

rational exploration of plant-derived compounds 

beyond conventional extract-based assays [6]. 

However, many natural product studies remain 

largely descriptive, focusing on cytotoxicity without 

establishing a broader systems-level context. 

Integrating metabolite identification with 

computational strategies provides an opportunity to 

connect chemical diversity with disease-associated 

molecular networks and prioritize compounds for 

further investigation [7]. 

Network pharmacology has emerged as a useful 

framework for exploring the complex interactions 

between multi-component natural products and 

biological systems [8][9]. By combining 

transcriptomic datasets, disease-related databases, 

and in silico target prediction, this approach 

facilitates the identification of key nodes within 

signaling networks that may contribute to 

therapeutic responses [10]. When complemented by 

structure-based methods such as molecular docking 

Publisher’s Note: 

Pandawa Institute stays neutral with regard to jurisdictional 

claims in published maps and institutional affiliations. 

 

 

 

 

Copyright: 

© 2026 by the author(s). 

Licensee Pandawa Institute, Metro, Indonesia. This article is an 

open access article distributed under the terms and conditions 

of the Creative Commons Attribution (CC BY) license (https://

creativecommons.org/licenses/by/4.0/). 

https://doi.org/10.47352/jmans.2774-3047.465     

OPEN ACCESS 

 

 

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.47352/jmans.2774-3047.465
https://crossmark.crossref.org/dialog/?doi=10.47352/jmans.2774-3047.465&domain=pdf&date_stamp=2026-07-29
https://creativecommons.org/licenses/by/4.0/


J. Multidiscip. Appl. Nat. Sci. 

1607 

T
a
b

le
 1

. 
 L

C
–

H
R

M
S

-b
as

ed
 a

n
n

o
ta

ti
o

n
 o

f 
p

u
ta

ti
v
e 

m
et

ab
o

li
te

s 
id

en
ti

fi
ed

 f
ro

m
 t

h
e 

Z
A

E
. 

 
 

 

N
o
  

N
a
m

e 
 

F
o
r
m

u
la

  
A

n
n

o
t.

 D
el

ta
 

C
a
lc

. 
M

W
  

R
T

 
C

o
m

p
o
u

n
d

 
A

re
a
  

M
a
ss

 [
p

p
m

] 
[m

in
] 

C
la

ss
if

ic
a
ti

o
n

 

M
1
 

K
in

se
n
o
si

d
e 

C
1

0
H

1
6
O

8
 

1
.0

6
 

2
6
4
.0

8
4
8
 

3
.6

7
4
 

1
4
3
6
4
4
5
7
6
.4

 
G

ly
co

si
d
e 

M
2
 

T
ax

a-
4
(2

0
),

1
1
(1

2
)-

d
ie

n
-5
α

-o
l 

C
2

0
H

3
2
O

 
1
.2

5
 

2
8
8
.2

4
5
6
8
 

1
4
.3

6
7
 

8
9
4
6
5
7
0
4
.1

4
 

T
er

p
en

o
id

 

M
3
 

1
,2

-B
is

(3
,4

-d
im

et
h
o
x
y

p
h
en

y
l)

p
ro

p
an

e-
1
,3

-d
io

l 
C

1
9
H

2
4
O

6
 

1
.1

8
 

3
4
8
.1

5
7
7
 

6
.9

2
7
 

5
6
8
3
2
2
9
2
.7

8
 

P
h
en

o
l 

M
4
 

L
au

ri
x
am

in
e 

C
1

5
H

3
3
N

O
 

0
.7

3
 

2
4
3
.2

5
6
3
9
 

8
.5

0
1
 

3
5
3
6
9
3
7
4
.5

6
 

A
lk

al
o
id

 

M
5
 

(−
)-
α

-C
ed

re
n
e 

C
1

5
H

2
4
 

0
.8

5
 

2
0
4
.1

8
7
9
7
 

1
1
.0

3
2
 

2
1
3
7
2
7
0
4
.7

9
 

T
er

p
en

o
id

 

M
6
 

C
er

to
n
ar

d
o
st

er
o

l 
J 

C
2

9
H

5
0
O

4
 

1
.0

2
 

4
6
2
.3

7
1
3
8
 

1
6
.5

8
9
 

9
3
5
8
1
6
5
.5

3
2
 

S
te

ro
id

 

M
7
 

B
et

a-
sa

n
sh

o
o
l 

C
1

6
H

2
5
N

O
 

0
.8

0
 

2
4
7
.1

9
3
8
1
 

1
0
.5

6
5
 

7
1
1
6
4
9
6
.7

7
3
 

A
lk

al
o
id

 

M
8
 

C
ap

si
-a

m
id

e 
C

1
7
H

3
5
N

O
 

0
.9

2
 

2
6
9
.2

7
2
1
1
 

1
3
.1

8
7
 

6
3
1
6
2
9
9
.6

9
7
 

A
lk

al
o
id

 

M
9
 

E
x
ca

v
at

o
li

d
e 

M
 

C
2

4
H

3
4
O

1
0
 

0
.6

3
 

4
8
2
.2

1
5
5
 

5
.8

5
7
 

5
7
6
2
6
0
8
.5

8
2
 

T
er

p
en

o
id

 

M
1

0
 

C
o

n
ic

as
te

ro
l 

B
 

C
2

9
H

4
4
O

 
0

.9
8
 

4
0

8
.3

3
9

6
2
 

1
7

.0
0

6
 

4
9
1
1
2
1
1
.0

9
1
 

S
te

ro
id

 

M
1
1
 

9
-H

y
d
ro

x
y

-2
,1

0
,1

0
-t

ri
m

et
h
y

lt
ri

cy
cl

o
[6

.3
.0

.0
(1

,5
)]

u
n
d
ec

-6
-e

n
e-

6
-c

ar
b
o
x
y

li
c 

ac
id

 
C

1
5
H

2
2
O

3
 

0
.6

0
 

2
5
0
.1

5
7
0
4
 

8
.1

5
2
 

4
1
4
5
3
4
9
.5

0
6
 

T
er

p
en

o
id

 

M
1
2
 

3
,4

',5
-T

ri
h
y

d
ro

x
y

st
il

b
en

e 
C

1
4
H

1
2
O

3
 

1
.0

3
 

2
2
8
.0

7
8
8
8
 

7
.1

3
4
 

1
6
1
1
1
5
8
.3

8
7
 

A
ro

m
at

ic
 P

o
ly

p
h
en

o
l 

 



J. Multidiscip. Appl. Nat. Sci. 

1608 

and molecular dynamics simulations, network 

pharmacology allows evaluation of protein–ligand 

interactions within a mechanistic hypothesis-

generating framework [5][11]. Rather than defining 

definitive molecular mechanisms, such integrative 

analyses help prioritize candidate targets and guide 

downstream experimental validation. 

Zanthoxylum acanthopodium, a Southeast Asian 

medicinal plant widely used in traditional culinary 

and herbal practices, contains a variety of 

terpenoids, alkaloids, and phenolic compounds that 

have attracted attention for potential 

pharmacological activities [12]. Previous 

investigations have primarily reported general 

antioxidants or cytotoxic effects, with limited 

exploration of how its phytochemical components 

may interact with disease-related signaling 

networks [12]–[15]. A systematic strategy 

combining metabolite profiling, computational 

target prioritization, and biological evaluation is 

therefore needed to better understand its potential 

relevance in melanoma research. 

In this context, the present study sought to 

explore the potential relevance of Z. acanthopodium 

ethanolic extract (ZAE) within melanoma-

associated molecular networks by integrating 

metabolite profiling with network-guided 

computational analysis. Public transcriptomic 

resources and target prediction strategies were 

applied to identify highly connected nodes, 

highlighting poly(ADP-ribose) polymerase 1 

(PARP1) as a candidate linked to DNA damage 

response signaling. Rather than defining a definitive 

molecular mechanism, structure-based modeling 

and phenotypic assays were used to examine 

whether ZAE-derived phytochemicals could 

interact with this network context and exert 

measurable effects in melanoma cells. Through this 

integrative approach, the study aims to provide a 

systems-level framework for prioritizing natural-

product-derived compounds and generating 

mechanistic hypotheses for future validation.

  

2. MATERIALS AND METHODS 

 

2.1. Materials 

Fruits of ZA were harvested from Berastagi, 

Karo Regency, North Sumatra, Indonesia during 

September 2025. Plant authentication was 

performed and deposited for reference. The 

collected fruits were dried at 50 °C for 

approximately 5–7 days, pulverized into fine 

powder, and kept at ambient temperature. 

 

2.2. Methods 

 

2.2.1. Preparation of Ethanolic Extract of ZA 

The ZAE was obtained following our previously 

reported procedure with minor modifications [16]. 

Briefly, dried fruit powder was subjected to 

 

 

 
Figure 1. Differential gene expression analysis from melanoma transcriptomic datasets (GSE15605 and 

GSE46517). Volcano plots illustrating significantly upregulated and downregulated genes based on log₂ 

fold change and adjusted p-value thresholds. Orange dots represent upregulated genes, cyan green dots 

indicate downregulated genes, and grey dots denote non-significant transcripts.  
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maceration using 96% ethanol (Sigma-Aldrich, St. 

Louis, MO, USA) at a material-to-solvent ratio of 

1:10 (w/v). The mixture was kept at room 

temperature with intermittent agitation to enhance 

solvent penetration and metabolite extraction. The 

extract was subsequently filtered to remove solid 

residues, and the filtrate was concentrated under 

reduced pressure using a rotary evaporator to obtain 

the crude ethanolic extract. The extraction yield was 

6.4% (w/w), calculated based on the dry weight of 

the starting plant material. The resulting extract was 

stored at 4 °C in airtight containers until further 

chemical and biological analyses. 

 

2.2.2. LC–HRMS Metabolite Profiling 

LC–HRMS analysis of ZAE was performed 

following our previously established protocol with 

minor adaptations [6]. Briefly, powdered samples 

were extracted using HPLC-grade methanol (Sigma

-Aldrich, St. Louis, MO, USA), vortexed, and 

filtered through a 0.20 µm nylon membrane prior to 

analysis. Chromatographic separation was carried 

out on a Vanquish Horizon UHPLC system 

(Thermo Fisher Scientific, USA) equipped with an 

Accucore phenyl-hexyl column maintained at 40 °

C. A binary mobile phase consisting of water and 

acetonitrile, each containing 0.1% formic acid, was 

applied under a gradient elution program. Mass 

spectrometric detection was conducted using an 

Orbitrap Exploris 240 operating in positive ion 

mode with data-dependent MS/MS acquisition. 

High-resolution full-scan spectra were acquired 

across the m/z 70–1000 range, and fragmentation 

spectra were obtained using stepped collision 

energies. Raw data processing and compound 

annotation were performed in Compound 

Discoverer 3.3 using mzCloud, ChemSpider, 

LipidMaps, and curated in-house mass lists. 

Detailed instrumental settings and gradient 

conditions have been reported previously [6]. 

 

2.2.3. Differential Gene Expression and Disease-

Associated Target Identification 

Melanoma transcriptomic profiles were obtained 

from the Gene Expression Omnibus database [17], 

including datasets GSE15605 [18] and GSE46517 

[19]. Differential gene expression between 

melanoma and normal tissues was evaluated using 

the limma package implemented in R. Genes were 

considered significantly altered when they satisfied 

both an adjusted p-value < 0.05 and an absolute log₂ 

fold change ≥ 1, thereby capturing transcripts 

showing either increased or decreased expression 

[20]. To complement transcriptome-derived 

candidates with curated disease information, 

melanoma-associated genes were additionally 

retrieved from the GeneCards database [21]. Only 

entries with a relevance score ≥ 10 were retained to 

enrich for targets with stronger documented links to 

melanoma biology. 

 

 

 
Figure 2. Integration of compound-associated targets with melanoma-related genes. (a) Number of predict-

ed protein targets for each prioritized metabolite (M1–M12). (b) Venn diagram showing the eight overlap 

targets between compound-associated targets (ZA), differentially expressed genes from GSE15605 and 

GSE46517, and melanoma-related genes retrieved from the GeneCards database.  
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2.2.4. Target Identification of LC–HRMS-Derived 

Metabolites from ZAE 

Metabolites detected from LC–HRMS profiling 

of ZAE were subjected to a multi-step filtering 

strategy prior to target prediction. Initially, 

annotated features were curated to exclude non-

metabolite signals and compounds lacking natural 

product relevance. Only candidates with mass error 

< 2.5 ppm were retained to ensure reliable 

metabolite annotation [6]. The remaining 

compounds were further screened for drug-likeness 

and pharmacokinetic suitability using SwissADME 

[22], where molecules satisfying Lipinski’s rule of 

five were prioritized [6][20]. Additional 

physicochemical and predicted ADME parameters 

were evaluated to remove candidates with 

unfavorable pharmacokinetic profiles. The filtered 

compound list was subsequently submitted to 

SwissTargetPrediction [23] to estimate potential 

protein targets based on chemical similarity and 

probabilistic modeling. Predicted targets from all 

prioritized metabolites were combined and 

duplicates were removed to generate a non-

redundant compound–target dataset. 

 

2.2.5. Protein–Protein Interaction (PPI) Network 

Construction, Hub Gene Identification, and 

Functional Enrichment Analysis 

Melanoma-associated genes derived from 

differential expression analysis (GSE15605 and 

GSE46517), GeneCards mining, and predicted 

targets of LC–HRMS-identified ZAE metabolites 

were first integrated through intersection analysis 

using an online Venn diagram generator to obtain 

consensus candidates supported across multiple 

datasets. The overlapping targets were subsequently 

imported into the STRING database (https://string-

db.org) to evaluate potential protein–protein 

interactions [24]. Network data were retrieved in 

CSV format using a minimum interaction 

confidence score of 0.7 to ensure high-confidence 

associations. The resulting interaction network was 

visualized and further analyzed using Cytoscape 

software [25]. Hub gene prioritization was 

performed with the CytoHubba plugin [26] 

employing the Edge Percolated Component (EPC) 

algorithm, which ranks nodes based on network 

stability and topological importance. Genes with 

higher EPC scores were considered central nodes 

within the PPI network and selected for 

downstream functional and structural analyses. 

Functional enrichment analysis was subsequently 

performed to investigate the biological roles of the 

identified targets. Gene Ontology (GO) annotation 

and Kyoto Encyclopedia of Genes and Genomes 

(KEGG) pathway enrichment analyses were 

conducted using the online bioinformatics platform 

(https://www.bioinformatics.com.cn/). GO 

enrichment covered three categories, including 

biological process (BP), cellular component (CC), 

and molecular function (MF). Enriched pathways 

and functional terms with adjusted p-values < 0.05 

were considered statistically significant. The top 

enriched GO terms and KEGG pathways were 

visualized using the integrated visualization tools 

provided by the platform. 

 

2.2.6. Clinical Expression Analysis and Survival 

Evaluation 

PARP1 protein expression in normal skin and 

melanoma tissues was examined using 

immunohistochemistry data obtained from the 

Human Protein Atlas (HPA) database [27]. 

Representative images were selected based on 

antibody validation status and staining quality to 

enable qualitative comparison of expression 

patterns between normal and tumor samples. 

Differences in staining intensity and subcellular 

localization were visually assessed to illustrate 

relative PARP1 expression. The clinical relevance 

of PARP1 expression was further evaluated using 

survival data derived from The Cancer Genome 

Atlas (TCGA) cohort [28]. Kaplan–Meier survival 

analysis was performed through publicly available 

online platforms integrating TCGA transcriptomic 

datasets. Patients were stratified into high- and low-

expression groups according to the median PARP1 

expression level, and overall survival differences 

were assessed using the log-rank test. Hazard ratios 

(HR) and corresponding p-values were reported as 

provided by the analysis platform [29]. 

 

2.2.7. Molecular Docking and Dynamic Simulation 

Structure-based evaluation of prioritized ZAE 

metabolites was performed by molecular docking 

against the human PARP1 catalytic domain (PDB 

ID: 4R6E) obtained from the RCSB Protein Data 

Bank. Protein preparation followed our previously 

 

 

https://www.bioinformatics.com.cn/
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described workflow with minor modifications [5], 

[30], including removal of co-crystallized ligands, 

ions, and solvent molecules and assignment of 

protonation states prior to PDBQT conversion. 

Docking protocol reliability was confirmed by 

redocking the native inhibitor niraparib into the 

catalytic pocket. Ligand structures derived from LC

–HRMS screening were geometry-optimized before 

docking. Virtual screening was conducted using 

AutoDock Vina with a grid center at X = −69.232, 

Y = 22.94, and Z = 26.733 and a grid size of 12 × 

14 × 14 Å covering the NAD⁺ catalytic region. 

Docked complexes were ranked based on binding 

energy and ligand efficiency, and the top-scoring 

complex was selected for subsequent molecular 

dynamics simulation. Molecular dynamic 

simulations were performed using GROMACS 

2021.7 with the CHARMM36 force field, following 

a protocol adapted from our earlier report [6]. Each 

protein–ligand complex was solvated in a TIP3P 

water model and neutralized with counterions prior 

to energy minimization. Equilibration was 

performed under NVT and NPT ensembles, 

followed by a 100 ns production run to evaluate 

structural stability. Trajectory analyses focused on 

backbone root mean square deviation (RMSD), 

ligand RMSD, radius of gyration (Rg), residue 

flexibility (RMSF), and hydrogen bond formation 

to assess interaction persistence within the PARP1 

catalytic pocket.   

 

2.2.8. Cell Culture 

The human melanoma cell line A375 was 

obtained from the American Type Culture 

Collection (ATCC, Manassas, VA, USA). Cells 

were maintained in Dulbecco’s Modified Eagle 

Medium (DMEM) supplemented with 10% fetal 

bovine serum (FBS) and 1% penicillin–

streptomycin. Cultures were incubated at 37 °C in a 

humidified atmosphere containing 5% CO₂. All cell 

culture reagents and supplements were purchased 

from GIBCO (Grand Island, NY, USA). Cells were 

routinely monitored to ensure stable morphology 

and confluency prior to experimental treatments.  

 

2.2.9. Cell Viability Assay 

Cell viability was assessed using the 3-(4,5-

dimethylthiazol-2-yl)-2,5-diphenyltetrazolium 

bromide (MTT) colorimetric assay following a 

protocol adapted from our previous study with 

minor modifications [29]. ZAE was initially 

dissolved in dimethyl sulfoxide (DMSO) to prepare 

a 200 mg/mL stock solution and subsequently 

diluted in complete culture medium to the indicated 

working concentrations. The final DMSO 

concentration was kept constant across all treatment 

 

 

 
Figure 3. Network topology and clinical relevance of PARP1 within the melanoma-associated target net-

work. (a) Protein–protein interaction (PPI) network of the intersecting genes with EPC-based node ranking. 

(b) Representative immunohistochemistry (IHC) images of PARP1 staining in normal skin and melanoma 

tissues. (c) Kaplan–Meier survival analysis comparing high- and low-PARP1 expression groups.  
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groups and maintained at a non-cytotoxic level. 

Control cells received the corresponding volume of 

vehicle alone. Briefly, A375 cells were seeded in 96

-well plates at a density of 8 × 10³ cells per well and 

allowed to adhere overnight before treatment with 

increasing concentrations of ZAE for 24 h. 

Subsequently, MTT solution (500 µg/mL; Sigma-

Aldrich, St. Louis, MO, USA) was added and 

incubated for 3 h to permit formazan formation. 

The crystals were solubilized in dimethyl sulfoxide 

and absorbance was recorded at 570 nm using a 

VICTOR3/Wallac 1420 microplate reader 

(PerkinElmer, Waltham, MA, USA). Half-maximal 

inhibitory concentration (IC₅₀) values were 

determined by nonlinear regression analysis using 

GraphPad Prism version 8 (GraphPad Software, 

San Diego, CA, USA). Each treatment condition 

was analyzed in six technical replicate wells within 

each experiment, and the assay was repeated in at 

least three independent biological experiments. 

 

2.2.10. Apoptosis Analysis by Hoechst 33342 

Staining 

Apoptotic nuclear morphology was evaluated 

using Hoechst 33342 staining following previous 

report [31]. A375 melanoma cells were seeded in 

96-well plates at a density of 8 × 10³ cells per well 

in 100 µL complete culture medium and allowed to 

attach overnight. Treatment solutions were prepared 

from the same ZAE stock solution described above. 

Cells were then treated with increasing 

concentrations of ZAE ranging from 0 to 100 µg/

mL for 24 h. After treatment, cells were incubated 

with 10 µM Hoechst 33342 (Sigma-Aldrich, St. 

Louis, MO, USA) for 15 min at 37 °C in the dark. 

Nuclear morphology was observed using a 

fluorescence microscope (ECLIPSE Ts2; Nikon, 

New York, NY, USA), and images were captured. 

Apoptotic cells exhibiting condensed or fragmented 

chromatin were quantified from three randomly 

selected microscopic fields per well and expressed 

as a percentage of total cells. Quantification was 

performed in three independent biological 

experiments. 

 

2.2.11. Statistical Analysis 

All experimental data are presented as mean ± 

SD from at least three independent biological 

experiments. In the MTT assay, each treatment 

condition was analyzed in six technical replicate 

wells within each experiment. For the Hoechst 

33342 apoptosis assay, apoptotic nuclei were 

 

 

 
Figure 4. GO enrichment analysis of core targets.  
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quantified across three independent biological 

experiments. Statistical analyses were performed 

using GraphPad Prism version 8 (GraphPad 

Software, San Diego, CA, USA). Differences 

among groups were evaluated using one-way 

analysis of variance (ANOVA) followed by 

Tukey’s post hoc multiple comparison test. A value 

of p < 0.05 was considered statistically significant.  

 

3. RESULTS AND DISCUSSIONS 

 

3.1. LC–HRMS-based Metabolite Profiling and 

Prioritization of Candidate Phytochemicals 

Chemical profiling of the ZAE was performed 

using LC–HRMS to characterize the metabolite 

composition prior to computational investigation. 

The total ion chromatogram displayed numerous 

signals distributed across the retention time range, 

reflecting the chemical complexity of the extract 

(Figure S1). Automated peak detection identified a 

total of 228 measurable features within the acquired 

mass spectrum, suggesting the presence of 

structurally diverse constituents. Putative 

metabolite annotation was conducted through 

accurate mass matching and database comparison. 

To refine the dataset, detected compounds were 

subjected to physicochemical and pharmacokinetic 

filtering. Selection criteria were based on Lipinski’s 

rule of five alongside ADMET-related parameters 

to prioritize molecules with acceptable drug-like 

properties [32][33]. This filtering step yielded 

twelve annotated compounds that satisfied the 

predefined drug-likeness and ADMET criteria. The 

detailed ADMET prediction parameters supporting 

compound prioritization are provided in Table S1. 

For clarity in subsequent analyses, the prioritized 

metabolites were assigned simplified identifiers 

(M1–M12) according to their order of detection and 

annotation. The selected molecules represented 

diverse structural classes, including glycosides, 

terpenoids, alkaloids, steroids, and phenolic 

derivatives, with representative examples such as 

kinsenoside, β-sanshool, conicasterol B, 

excavatolide M, and resveratrol (Table 1). The 

prioritized compounds exhibited molecular weights 

ranging from approximately 200 to 480 Da, while 

mass deviations remained within acceptable 

analytical limits, supporting reliable annotation. 

Variations in retention time further suggested 

differences in polarity and structural characteristics 

among the identified metabolites [34]. These 

candidates were subsequently advanced to network 

pharmacology and structure-based analyses.  

 

3.2. Identification of Disease-associated and 

Compound-related Targets 

To identify candidate targets associated with 

melanoma and ZA-derived metabolites, 

transcriptomic datasets, curated disease databases, 

and compound-related targets were systematically 

integrated. Differential gene expression analysis of 

two independent melanoma datasets revealed a total 

of 1,238 differentially expressed genes in 

GSE46517, including 805 upregulated and 433 

downregulated genes, while 2,620 differentially 

expressed genes were identified in GSE15605, 

comprising 1,074 upregulated and 1,546 

downregulated genes (Figure 1). These gene sets 

were used to represent melanoma-associated 

transcriptional alterations. To complement 

transcriptomic evidence with curated disease 

information, melanoma-related genes were 

retrieved from the GeneCards database. An initial 

pool of 8,640 genes was obtained and further 

refined by applying a relevance score threshold (≥ 

10), resulting in 277 disease-associated targets 

included for subsequent integration.  

In parallel, potential protein targets 

corresponding to the prioritized metabolites (M1–

M12) were predicted using publicly available target 

prediction resources. The number of predicted 

targets varied among individual compounds, 

ranging from 8 to 107 targets per metabolite (Figure 

2(a)). After removing duplicate entries, a total of 

436 unique compound-related targets were retained. 

The gene sets derived from GSE46517, GSE15605, 

GeneCards, and compound target prediction were 

subsequently integrated to identify consensus 

candidates supported across multiple data sources. 

Intersection analysis identified eight overlapping 

genes shared among all four datasets, including 

PARP1, intercellular adhesion molecule 1 

(ICAM1), aurora kinase A (AURKA), matrix 

metallopeptidase 9 (MMP9), cyclin-dependent 

kinase 2 (CDK2), cyclin-dependent kinase 4 

(CDK4), epidermal growth factor receptor (EGFR), 

and tyrosinase (TYR) (Figure 2(b)). These common 

targets were subsequently carried forward for 
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protein–protein interaction network construction 

and downstream functional enrichment analysis.  

 

3.3. PPI Network Construction and Clinical 

Relevance Analysis 

To further explore the functional relationships 

and potential clinical relevance of the genes 

identified through integrative analysis, PPI network 

analysis was performed. The eight intersecting 

genes obtained from the previous step (PARP1, 

ICAM1, AURKA, MMP9, CDK2, CDK4, EGFR, 

and TYR) were subjected to PPI network 

construction to evaluate potential functional 

associations. Under the selected interaction 

confidence threshold, seven genes formed a 

connected network, whereas TYR remained 

unlinked, indicating limited direct interactions 

within the analyzed context (Figure 3(a)). The 

resulting network revealed a cluster comprising 

signaling molecules, DNA damage–related proteins, 

and regulators associated with cellular stress 

responses, including EGFR, PARP1, CDK2, 

CDK4, AURKA, MMP9, and ICAM1. This 

connectivity suggests potential involvement in 

coordinated regulatory processes linked to tumor 

progression. Hub gene prioritization using the 

CytoHubba plugin and Edge Percolated Component 

(EPC) algorithm ranked PARP1 as the top node 

within the network, followed by CDK2, CDK4, and 

EGFR. EPC scoring reflects node stability within 

the network topology, indicating that PARP1 

occupies a central position connecting multiple 

signaling components. PARP1 is a key regulator of 

DNA damage repair and chromatin remodeling, and 

increased PARP1 expression has been reported in 

melanoma tissues compared with normal 

melanocytes [35]. Experimental studies have shown 

that PARP1 overexpression can enhance DNA 

repair efficiency and promote resistance to 

apoptosis-inducing stress [35][36], whereas 

pharmacological inhibition of PARP1 has been 

associated with increased DNA damage 

accumulation, elevated apoptotic signaling, and 

reduced tumor cell survival in melanoma models 

[37][38]. In addition, PARP1 has been implicated in 

regulating oxidative stress responses and 

modulating transcriptional programs linked to 

tumor adaptation, supporting its potential 

involvement in cancer progression [39]. These 

reported biological roles are consistent with the 

central network position of PARP1 observed in the 

present analysis.  

To further evaluate the clinical relevance of this 

hub gene, PARP1 protein expression was examined 

by IHC comparing normal skin and melanoma 

tissues. Representative images revealed distinct 

differences in PARP1 staining patterns between 

normal skin and melanoma samples (Figure 3(b)). 

 

 

 
Figure 5. KEGG pathway enrichment analysis of core targets.  
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Normal skin displayed relatively weak and 

localized nuclear staining with preserved tissue 

architecture and recognizable structural layering. In 

contrast, melanoma tissue exhibited increased 

cellular density accompanied by stronger and more 

diffuse nuclear PARP1 staining across tumor cells. 

These observations are consistent with elevated 

PARP1 expression in melanoma compared with 

normal skin [36]. Survival analysis was 

subsequently performed to assess the association 

between PARP1 expression and patient outcomes. 

Kaplan–Meier curves demonstrated a statistically 

significant difference in overall survival between 

high- and low-expression groups (log-rank p = 

0.012; HR = 1.4) (Figure 3(c)), with higher PARP1 

expression corresponding to reduced survival 

probability. Although causality cannot be inferred 

from this analysis, the observed association 

suggests potential clinical relevance of PARP1 

expression in melanoma prognosis. Collectively, 

the PPI topology and clinical data highlight PARP1 

as a central node within the identified network and 

support its inclusion for subsequent mechanistic 

validation. 

 

3.4. Functional Enrichment Analysis of Intersecting 

Targets 

To further characterize the biological roles 

associated with the intersecting genes, GO and 

KEGG enrichment analyses were performed. The 

GO analysis revealed that the identified targets 

were significantly enriched in biological processes 

related to cellular stress responses, including 

responses to metal ions, ultraviolet radiation, and 

external stimuli, together with regulation of mitotic 

transition and signaling-associated processes 

(Figure 4). These enriched biological terms suggest 

that the identified genes may participate in cellular 

adaptation mechanisms under stress conditions 

commonly observed in tumor microenvironments. 

Within the cellular component category, enriched 

terms were mainly associated with protein kinase 

complexes, nuclear-associated structures, and 

transferase-related assemblies, indicating potential 

involvement in intracellular signaling and 

transcriptional regulation. Molecular function 

analysis further highlighted enrichment in kinase-

related activities, including protein serine/threonine 

kinase activity, histone kinase activity, and cyclin-

dependent protein kinase activity, supporting a role 

in regulatory signaling cascades rather than 

structural functions. The complete enrichment 

outputs for GO biological process, molecular 

function, and cellular component analyses are 

provided in Tables S2 – S4 for transparency and 

detailed interpretation.  

KEGG pathway enrichment analysis 

demonstrated significant association with several 

cancer-related pathways, including bladder cancer, 

endocrine resistance, prostate cancer, and 

melanoma-associated signaling pathways, as well as 

the p53 signaling pathway (Figure 5). These 

pathways are widely linked with DNA damage 

response, cellular stress signaling, and apoptosis 

 

 

 
Figure 6. Docking analysis of ZA-derived metabolites targeting the PARP1 catalytic domain. (a) Redock-

ing validation (RMSD = 0.79 Å). (b) Binding energy comparison of M1–M12.  
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regulation. The enrichment of melanoma and p53-

related pathways is consistent with the network 

topology and clinical relevance analysis, suggesting 

that the identified targets may converge on 

signaling networks involved in tumor stress 

adaptation. Notably, PARP1 is a well-established 

regulator of DNA damage sensing and apoptosis-

associated signaling, particularly through 

modulation of p53-mediated pathways and cellular 

stress responses [3][40]. Although enrichment 

analysis does not indicate direct mechanistic 

causation, the observed pathway patterns highlight 

apoptosis-related signaling as a biologically 

relevant context associated with the identified hub 

targets. The complete enrichment outputs for 

KEGG pathway analyses are provided in Table S5 

for transparency and detailed interpretation.  

 

3.5. Molecular Docking of Prioritized Metabolites 

against the PARP1 Catalytic Domain 

To investigate the potential structural interaction 

between prioritized ZA-derived metabolites and the 

hub target identified from integrative analysis, 

molecular docking simulations were conducted 

using the human PARP1 catalytic domain. The 

crystal structure of PARP1 co-crystallized with the 

clinically approved inhibitor niraparib was selected 

to accurately represent the NAD⁺ binding pocket 

responsible for enzymatic activity. Prior to 

screening, the docking protocol was validated 

through redocking of the native ligand, which 

reproduced the crystallographic pose with an 

RMSD value of 0.79 Å (Figure 6(a)), indicating 

reliable docking performance. Predicted binding 

energies varied among metabolites M1–M12, 

suggesting different interaction propensities within 

the catalytic pocket (Figure 6(b)). For comparison, 

niraparib was also docked under the same 

conditions and exhibited a binding energy of 

−10.366 kcal/mol, serving as a reference control for 

the screened metabolites. Among the ZA-derived 

compounds, M10 exhibited the lowest docking 

energy (−9.136 kcal/mol), followed by M9 (−8.467 

kcal/mol), M2 (−8.41 kcal/mol), M6 (−7.974 kcal/

mol), M12 (−7.6 kcal/mol), and M3 (−7.086 kcal/

mol). Moderate docking scores were observed for 

M5 (−6.965 kcal/mol), M11 (−6.857 kcal/mol), M7 

(−6.576 kcal/mol), and M1 (−6.323 kcal/mol), 

whereas M8 (−5.255 kcal/mol) and M4 (−4.283 

kcal/mol) displayed comparatively weaker 

predicted affinities. Overall, several metabolites 

were predicted to occupy the catalytic cleft with 

energetically favorable docking poses, although 

their predicted binding affinities remained lower 

than that of the reference inhibitor niraparib.  

The docking results suggest that several 

metabolites are positioned within the catalytic 

region corresponding to the niraparib-binding 

pocket, consistent with structural characteristics of 

PARP1 inhibitors targeting the NAD⁺ catalytic site. 

PARP1 is a key regulator of poly(ADP-ribosyl)

ation during the DNA damage response, and 

perturbation of this catalytic domain has been 

associated with impaired DNA repair signaling and 

enhanced apoptotic susceptibility in melanoma-

related contexts. In melanoma, PARP-related 

pathways have also been implicated in therapeutic 

response and resistance, further supporting the 

biological relevance of PARP1 as a target within 

stress-adaptive tumor signaling [41]. Although 

docking analysis alone cannot confirm functional 

inhibition, the predicted binding profiles provide 

structural support for potential modulation of 

PARP1-associated pathways highlighted in the 

preceding network and enrichment analyses. While 

none of the screened metabolites surpassed 

niraparib in predicted binding affinity, several 

compounds—particularly M10, M9, and M2—

demonstrated relatively favorable docking scores 

and may still represent structurally relevant natural-

product-derived scaffolds for further optimization. 

Taken together, these results suggest that several 

ZA-derived metabolites may interact favorably with 

the PARP1 catalytic domain. Based on docking 

ranking, M10 was selected for subsequent 

molecular dynamics simulation, as it exhibited the 

lowest predicted binding energy among the ZA-

derived metabolites. Given the computational cost 

of molecular dynamic simulations, focusing on this 

top-ranked complex enabled further evaluation of 

binding stability and interaction persistence over 

time. 

 

3.6. Molecular Dynamics Simulation of the M10 –

PARP1 Catalytic Domain Complex 

To further evaluate the dynamic stability of the 

top-ranked docking complex, molecular dynamics 

(MD) simulation was performed for the M10–
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PARP1 catalytic domain system. Structural stability 

was assessed through backbone deviation, ligand 

movement, protein compactness, residue flexibility, 

and hydrogen bond interactions over the simulation 

trajectory. The backbone RMSD of PARP1 rapidly 

increased during the initial equilibration phase (0–

10 ns), rising from approximately 0.10 to 0.18 nm, 

and subsequently stabilized within a narrow range 

of 0.17–0.23 nm for the remainder of the simulation 

(Figure 7(a)). Minor fluctuations were observed 

around 70–90 ns but did not exceed 0.25 nm, 

indicating preservation of the overall catalytic 

domain structure after ligand binding. The ligand 

RMSD profile showed slightly higher variability 

compared with the protein backbone (Figure 7(b)). 

After an initial adjustment phase during the first 15 

ns, the ligand RMSD fluctuated mainly between 

0.20 and 0.40 nm. A transient increase was 

observed around 40–60 ns, where values 

approached 0.45 nm, followed by re-stabilization 

toward the later stages of the simulation. These 

patterns suggest conformational rearrangement 

within the catalytic pocket rather than ligand 

dissociation. The Rg analysis demonstrated minimal 

structural expansion or compaction of the protein 

(Figure 7(c)). Rg values remained relatively 

constant between 2.13 and 2.16 nm throughout the 

100 ns trajectory, with only minor oscillations 

observed between 20 and 40 ns, indicating 

maintained global compactness of the PARP1 

catalytic domain.  

Residue-level flexibility assessed by RMSF 

revealed that most residues exhibited fluctuations 

below 0.15 nm, while higher peaks reaching 0.30–

0.45 nm were primarily localized in loop regions 

around residues 700–820 and near the C-terminal 

segment (Figure 7(d)). The catalytic core displayed 

comparatively low mobility, suggesting that ligand 

binding did not induce major instability within the 

functional region. Hydrogen bond analysis showed 

intermittent formation of approximately 0–2 

hydrogen bonds during the simulation (Figure 7(e)). 

Hydrogen bond occupancy appeared more frequent 

during the early to mid-phase (10–50 ns), with 

shorter transient contacts observed toward the later 

time points. Although not continuously maintained, 

these recurring interactions suggest dynamic 

stabilization of M10 within the catalytic cleft. 

Collectively, the molecular dynamic trajectories 

indicate that the M10–PARP1 complex reached 

structural equilibrium after the early simulation 

phase and maintained overall stability without 

significant conformational disruption. Given the 

central role of the PARP1 catalytic domain in DNA 

damage signaling and apoptosis-related pathways, 

the observed stability supports the potential of M10 

to engage this region under dynamic conditions. 

 

 

 

 
Figure 7. Molecular dynamics simulation analysis of the M10–PARP1 catalytic domain complex. (a) 

Backbone RMSD of PARP1. (b) Ligand RMSD of M10. (c) Radius of gyration. (d) Residue flexibility 

(RMSF). (e) Hydrogen bond occupancy during the simulation.  
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3.7. Phenotypic Validation in A375 Melanoma Cells 

To evaluate the phenotypic response associated 

with targets identified through integrative analyses, 

A375 melanoma cells were treated with increasing 

concentrations of ZAE for 24 h, followed by 

assessment of cell viability using an MTT assay. 

ZAE exposure resulted in a concentration-

dependent reduction in metabolic activity (Figure 8

(a)). Nonlinear regression analysis indicated an IC₅₀ 

value of 128.03 ± 10.17 μg/mL after 24 h treatment, 

suggesting moderate antiproliferative activity 

within the tested range.  

To determine whether decreased viability was 

associated with apoptosis-related nuclear 

alterations, Hoechst 33342 (H33342) staining was 

performed. Fluorescence microscopy revealed 

progressive nuclear condensation and chromatin 

fragmentation in treated cells compared with 

untreated controls (Figure 8(b)). These 

morphological changes became more evident with 

increasing ZAE concentration, characterized by 

brighter and punctate nuclear signals. 

Quantification of apoptotic nuclei demonstrated a 

dose-dependent increase in apoptotic populations 

(Figure 8(c)). While low concentrations produced 

modest effects, treatment at 50 and 100 μg/mL 

significantly elevated the proportion of apoptotic 

cells relative to control. The observed nuclear 

changes are consistent with apoptosis-associated 

chromatin remodeling, in agreement with 

enrichment results highlighting stress-response and 

apoptosis-related pathways potentially associated 

with PARP1 signaling. 

Although ZAE represents a complex mixture of 

metabolites, the phenotypic response observed after 

24 h exposure provides experimental support that 

ZA-derived constituents may influence apoptosis-

associated processes in melanoma cells. In 

agreement with the observed apoptotic morphology, 

previous studies have reported apoptosis induction 

by ZA-derived fractions in melanoma models [13]. 

A recent study demonstrated that the ethyl acetate 

fraction  induced apoptosis in B16F10 melanoma 

cells through increased caspase-3 expression and 

dose-dependent cytotoxicity, with an IC₅₀ value of 

approximately 249.3 μg/mL [13]. In comparison, 

the present study employed a human melanoma 

model and revealed a lower IC₅₀ value (128.03 ± 

10.17 μg/mL) together with clear nuclear 

condensation patterns detected by Hoechst 33342 

staining, suggesting enhanced apoptotic sensitivity 

under the tested conditions. While the previous 

work primarily focused on phenotypic apoptosis 

endpoints, the current study integrates LC-HRMS, 

network pharmacology, clinical relevance analysis, 

molecular docking, and molecular dynamics 

simulations targeting PARP1, thereby providing a 

mechanistically informed framework that helps 

contextualize phytochemical activity within DNA-

damage response pathways. Since ZAE is a crude 

extract containing multiple phytochemical 

constituents, the observed cytotoxic activity is 

likely attributable to the combined or potentially 

synergistic effects of several metabolites rather than 

a single dominant compound. This may partly 

explain the moderate IC₅₀ value observed in the 

 

 

 
Figure 8. Phenotypic validation of ZAE in A375 melanoma cells after 24 h treatment. (a) Dose–response 

curve showing reduced cell viability and calculated IC₅₀. (b) Representative Hoechst 33342 nuclear staining 

images indicating apoptosis-related morphological changes. (c) Quantification of apoptotic cells following 

ZAE exposure. *p < 0.05 vs control. Scale bar is 10 μm.  
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present study. Future investigations should focus on 

the isolation of individual bioactive compounds or 

the enrichment of specific fractions to better define 

their relative contributions and underlying 

mechanisms of action. 

Taken together, the present study combines LC–

HRMS-based metabolite profiling with integrative 

network pharmacology, clinical relevance analysis, 

and structure-guided modeling to delineate a 

PARP1-centered framework potentially involved in 

melanoma-associated stress and apoptosis 

signaling. The LC–HRMS screening enabled 

prioritization of ZA-derived metabolites that were 

subsequently linked to disease-relevant targets 

through transcriptomic and protein interaction 

analyses, providing a chemically informed basis for 

downstream structural evaluation. Molecular 

docking and dynamic simulations further supported 

the compatibility of selected metabolites within the 

PARP1 catalytic domain, while phenotypic assays 

in A375 cells demonstrated apoptosis-associated 

nuclear alterations following extract exposure. 

Compared with previous studies that primarily 

described cytotoxic or apoptotic effects of ZA at the 

phenotypic level, the present work integrates 

chemical characterization with computational and 

cellular evidence, offering a more mechanistically 

resolved perspective on ZA-derived activity. 

Although direct target engagement remains to be 

experimentally confirmed, this multi-layered 

strategy highlights ZA-derived metabolites as 

potential modulators of melanoma cell survival and 

provides a foundation for future structure-guided 

optimization and mechanistic investigation. 

 

4. CONCLUSIONS 

 

This study presents an integrative framework 

combining LC–HRMS-based metabolite profiling, 

network pharmacology, clinical relevance analysis, 

and structure-guided modeling to explore the 

potential anti-melanoma activity of ZA extract. The 

multi-layered strategy enabled identification of 

PARP1-associated signaling as a plausible axis 

linking ZA-derived metabolites to stress-response 

and apoptosis-related pathways, while molecular 

docking and dynamic simulations supported 

structural compatibility within the PARP1 catalytic 

domain. Phenotypic evaluation in A375 melanoma 

cells further demonstrated apoptosis-associated 

nuclear alterations following extract exposure, 

providing complementary biological context to the 

computational findings. Rather than establishing a 

definitive mechanism, the present work offers a 

chemically informed and systems-level perspective 

that may guide future studies toward target 

validation, compound optimization, and deeper 

mechanistic investigation of ZA-derived 

phytochemicals in melanoma research. 
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