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Cholangiocarcinoma (CCA), the bile duct cancer, is associated with a high burden and poor prognosis. 
This is due to the lack of early diagnostic tools and effective chemotherapy. Molecular networking is a 
promising tool for investigating the molecular mechanisms of drugs or candidate molecules for various 
diseases. This study investigated molecular targets and signaling pathways of the three components 
(atractylodin, beta-eudesmol, and hinesol) of Atractylodes lancea Thunb. (DC.) (AL), the promising 
candidate for patients with advanced-stage intrahepatic CCA (iCCA). The independent-sample T-test or 
Mann-Whitney U test was used to identify significant gene targets in (i) patients with advanced-stage 
iCCA who received AL treatment and those who received palliative care alone, and (ii) patients with 
progressive and non-progressive diseases. A molecular network was constructed using Cytoscape to 
identify AL signaling action pathways. Fifty-two genes were identified as the essential targeted genes 
in patients with advanced-stage iCCA. The most critical gene hubs were TNFα (1st rank), NRAS (2nd 
rank), and PI3KCA (3rd rank). The false discovery rate (FDR) identified PI3K/AKT, NK cell-mediated 
cytotoxicity, and apoptosis as the top three significant pathways. Hinesol showed the highest binding 
affinity compared with other components of AL and the standard anti-CCA drugs gemcitabine and 
5-FU. Molecular networking is a valuable tool for investigating molecular signaling networks of herbal 
medicine with multiple active and non-active ingredients. With multi-signaling targets linked to all 
tumor development and progression stages, the study supports AL as a promising candidate for 
patients with advanced-stage iCCA.
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Cholangiocarcinoma (CCA) is an aggressive malignancy often diagnosed in elderly patients who may not tolerate 
traditional chemotherapy due to adverse reactions and comorbidities. This highlights the need for alternative 
treatments. Atractylodes lancea (Thunb.) DC (AL), a traditional herb used in East Asia, shows promise as a novel 
CCA therapy. Active components like atractylodin and beta-eudesmol exhibit antiproliferative, anti-angiogenic, 
and anti-metastatic effects in preclinical studies1,2. Recent research highlights synergistic interactions between 
AL’s bioactive constituents, such as beta-eudesmol, atractylodin, and hinesol, with favorable fractional inhibitory 
concentration (FIC) values3. These compounds induce G1 cell cycle arrest and apoptosis in CCA cells by 
modulating p21 expression4. Beta-eudesmol also sensitizes chemotherapy-resistant CCA cells to agents like 
5-FU and doxorubicin by altering the Bax/Bcl-2 ratio and suppressing NQO1 expression5. It inhibits CCA cell 
migration by suppressing the epithelial-mesenchymal transition (EMT) pathway and downregulates the PI3K-
AKT signaling pathway6. In zebrafish models, beta-eudesmol shows anti-angiogenic effects by inhibiting Vegfa 
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and Vegfr27. In vivo studies in a CCA hamster model further support these findings, showing modulation of 
apoptosis-related genes8.

Molecular networking, used in exploring drug and herbal interactions, has been applied in various diseases 
like rheumatoid arthritis9, hepatocellular carcinoma10, and colorectal cancer11. While clinical trials have 
confirmed AL’s efficacy and safety in CCA treatment6, the detailed molecular mechanisms remain unclear.

This study aims to apply molecular networking to identify gene targets and signaling pathways modulated 
by AL in advanced-stage intrahepatic CCA (iCCA). It will focus on: (i) constructing a gene ontology based 
on statistical analysis, (ii) identifying key gene targets through molecular network and functional enrichment 
analysis, and (iii) evaluating the binding affinity of AL’s active compounds using in silico docking simulations. 
This approach will enhance understanding of AL’s mechanisms and its potential as a CCA therapeutic agent.

Methods
Study design, patients, and study procedures
This study is part of a phase IIA open-label, randomized controlled trial assessing the dose, pharmacokinetics, 
safety, and efficacy of Atractylodes lancea(AL) in patients with advanced-stage intrahepatic cholangiocarcinoma 
(iCCA)12 [01/03/2021; TCTR20210129007; ICTRP Search Portal (who.int)]. The protocol was approved by the 
Ethics Committee of Sakol Nakorn Hospital (No. 049/2021) and conducted in compliance with the Helsinki 
Declaration. Informed consent was obtained from all participants. The AL treatment regimen included: Group 
1 (n = 6): 1,000  mg daily of standardized AL extract for 90 days with standard care; 5 with non-progressive 
disease, 1 with progressive disease; Group 2 (n = 5): Dose escalation from 1,000 mg to 2,000 mg over 90 days 
with standard care; 3 with non-progressive disease, 2 with progressive disease; and Group 3 (n = 4): Standard care 
alone; 3 with progressive disease, 1 with non-progressive disease.

Blood samples (3 mL) were collected on days 1 and 28. Plasma was isolated and stored at −80 °C for analysis. 
RNA was extracted from whole blood, and gene expression was analyzed using the nCounter PanCancer Pathways 
Panel (NanoString Technologies, Seattle, US), which covered 730 genes linked to 13 cancer-related pathways. 
The ratios of gene expression between day 28 and day 1 were analyzed to identify significant signaling pathways 
and differences between progressive and non-progressive disease, as well as survivors and non-survivors.

Analysis of the association between gene expression and AL treatment
Gene expression analysis in response to AL treatment involved a comprehensive network analysis using 
functional enrichment through Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathways, and Reactome. The comparisons included: (i) AL treatment (Groups 1 and 2) vs. non-treatment 
(Group 3), (ii) disease progression (progressive vs. non-progressive disease after AL treatment), and (iii) survival 
(survived vs. non-survived patients post-treatment). Data normality was assessed using the Shapiro-Wilk test, 
with the independent-sample T-test for normally distributed variables and the Mann-Whitney U test for non-
normally distributed variables. The exact p-values were reported using SPSS version 23.

Genes with significant expression changes were selected for molecular network analysis. The biological 
process was the primary focus of molecular network analysis, as it captures the coordinated actions of molecular 
functions that collectively achieve biological objectives. This approach provides a deeper understanding of the 
molecular mechanisms at play compared to examining individual molecular functions in isolation.

Protein-protein interaction (PPI) networks were constructed using Cytoscape, following these steps: (i) 
identification of significant gene expression variations between the AL-treated and control groups; (ii) access 
to the STRING database, selecting Homo sapiens and full STRING networks with a confidence score cut-off of 
0.4; (iii) importing gene expression data, including gene types, ratios, and p-values; (iv) functional enrichment 
analysis through the cytoNCA plugin, which calculates betweenness, closeness, and degree centralities; and (v) 
iltering results to select KEGG pathways, Reactome pathways, and GO biological processes.

In the network, “degree” indicates a node’s direct connections, highlighting its role as a central hub. 
“Betweenness centrality” measures how often a node lies on the shortest path between pairs of nodes, while 
“closeness centrality” indicates how efficiently a node connects to others in the network.

GO and pathway enrichment analyses were performed using Cytoscape 3.1.0 to visualize and annotate the 
results. Fisher’s exact test was used to select pathways involving at least three candidate genes, with statistical 
significance set at p < 0.05 and a false discovery rate (FDR) cut-off of p < 0.05. The PPI network and pathway 
enrichment analysis leveraged STRING confidence scores and FDR values to identify significant protein 
interactions and associated pathways.

The associations between biomarkers and the fold changes of gene expressions in patients 
with disease progression (progressive and non-progressive diseases) or survival status 
(survivors and non-survivors)
Independent t-test (for normally distributed data) and Mann Whitney U test (for non-normally distributed data) 
were used to compare the differences in biomarkers (fold changes in biomarker levels and mRNA expression) 
between the groups of patients with progressive and non-progressive diseases, as well as between those who 
survived and did not survive.

Pearson correlation test (for normally distributed data) and Spearman’s correlation test (for non-normally 
distributed data) were used to determine the correlation between biomarkers (fold changes in biomarker levels 
and mRNA expression) in the groups of patients with progressive and non-progressive diseases, as well as in 
those who survived and did not survive.

The statistical significance level was set at α = 0.05 for all tests.
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ROC analysis, cut-off value, and model performance
Receive Operating Curve (ROC) was applied to determine the cut-off levels for significant levels of mRNA 
expressions between the groups of patients with progressive and non-progressive disease and those who survived 
and did not survive. Area Under Curve (AUC) of ≥ 0.7 was the predefined criterion for identifying substantial 
mRNA expressions between progressive and non-progressive diseases and survivors and non-survivors. A 
p-value of ≤ 0.05 was set as a statistically significant level. The Youden’s index was employed to determine the 
optimal cut-off value. Sensitivity, specificity, accuracy index, Negative predictive value (NPV), and positive 
predictive value (PPV) were computed to indicate the model’s performance.

Kaplan-Meier analysis
The designated cut-off value for each important gene was used to categorize the significant genes into two 
groups, i.e., ratios above or below the threshold. The Kaplan Meier assessed the impact of mRNA expression 
(disease progression and survival status) above or below the threshold on progression-free survival time (PFS) 
and overall survival (OS). A log-rank test was applied to determine the significant differences between ratios 
(above or below threshold) on PFS and OS with the predefined p-value of ≤ 0.05.Pathway cross-talk analysis.

The Jaccard index was used to assess the reliability of cross-talk analysis. The inclusion criterion was a pathway 
with ≥2 candidate genes (to exclude genes with inadequate biological information) and the exclusion criterion 
was the pair of pathways with < 2 shared candidate genes. The selected pair of pathways were prioritized based on 
the Jaccard index of > 0.25 and > 0.6 for pathway-pathway interaction and pathway redundancy, respectively13.

In silico docking simulation of gene targets
In silico docking simulations were conducted using AutoDock software to evaluate the binding affinities of 
Atractylodes lancea (AL) compounds (atractylodin, beta-eudesmol, and hinesol), standard anti-CCA drugs (5-
FU and gemcitabine), and reference compounds to ten significant target proteins: JAK1, PI3KCA, HDAC2, 
ILR2A, ILR2B, TNF-α, SMAD2, NRAS, SOS1, ERRB2, and DMT3A. The crystallographic structures of the AL 
target proteins were retrieved from the RCSB Protein Data Bank, and the active compound structures were 
obtained from the PubChem database in SDF format, then converted to PDB files using PyMOL or OpenBabel.

A free energy force field was calculated using a Lamarckian Genetic Algorithm to predict the binding 
affinity based on the Gibbs free energy. Docking was performed with the catalytic domain of each receptor to 
interact with the small ligands (Table S1). The optimal docking conformation was selected based on the ligand 
conformation with the lowest root-mean-square deviation (RMSD) using a tolerance of 2.0 Å. A binding affinity 
of ≥ 6 kcal/mol was considered acceptable. 5-FU and gemcitabine were chosen for docking simulations as they 
are first-line treatments for intrahepatic cholangiocarcinoma (iCCA).

Results
Baseline characteristics
The diagrammatic workflow in this study is shown in Fig. 1. Table 1 summarizes the baseline characteristics of 
the patients with advanced-stage iCCA in each treatment group (group 1 and group 2) and the control group 
(group 3). No significant differences between AL-treated patients with progressive and non-progressive diseases 
were observed with age (p = 0.843), body weight (p = 0.278), height (p = 0.768), white blood cell count (p = 0.212), 
platelet count (p = 0.125), hemoglobin (p = 0.105), INR (p = 0.914), PT (p = 0.753), PTT (p = 0.694), creatinine 
clearance (p = 0.471), AST (p = 0.053), ALT (p = 0.078), ALP (p = 0.809), CPK (p = 0.103), LDH (p = 1.00), CA19-9 
(p = 0.661), CEA (p = 0.177), and IL-6 (p = 0.343) between the treatment and control groups. Subgroup analysis 
revealed no significant changes in baseline AST (p = 0.842), ALT (p = 0.630), ALP (p = 0.352), LDH (p = 0.376), 
CPK (p = 0.09), CA19-9 (p = 0.497), CEA (p = 1), and IL6 (p = 0.683) levels. The comparable values between 
survivors and non-survivors in the AL-treated group were not substantially different [(AST, p = 0.145), (ALT, 
p = 0.352), (ALP, p = 0.886), (LDH, p = 1.00), (CPK, p = 0.327), (CA19-9, p = 1.00), (CEA, p = 0.727), and (IL6, 
p = 0.183).

Association between gene expression and AL treatment
Out of 730 genes analyzed, 52 showed significant changes in gene expression levels following AL treatment 
(Fig. 2). PRKAR2A, SPOP, RXRG, FGF1, PAX8, TNFRSF10A, and TCFL1 genes showed high gene expression 
levels, while the remaining showed relatively low expression levels. Further analysis revealed a marked difference 
in the expression levels of 16 gene targets in patients with progressive and non-progressive disease following AL 
therapy (Group 1 and 2). BDNF, ERBB2, TTK, and XPA showed higher expression levels, while the remaining 
showed lower expression levels. Seven genes were identified with marked differences between survivors and 
non-survivors. HSPA1A, FOS, CBL, and MMP9 were the top four upregulated genes. Tables S2, S3 and S4 
summarize significant gene expressions (fold-change) between AL-treated and control group, and patients with 
progressive and non-progressive diseases, and survivors and non-survivors, respectively.

Proposed molecular signaling pathways of AL action in advanced-stage iCCA
A comprehensive network analysis in AL-treated (Groups 1 and 2) and control (Group 3) identified 44 potential 
target genes. Thirty genes were identified as core hubs (Table 2). TNF-α was the network’s most significant hub 
(PPI = 22), followed by PIK3CA (PPI = 15), NRAS (PPI = 14), JAK1 (PPI = 11), IL2RB (PPI = 11), and IL2RA 
(PPI = 11). Subsequent network interaction analysis revealed 44 nodes and 115 edges (PPI = 5.18).

Based on pathway enrichment analysis, AL action (specific condition or disease) was significantly linked with 
various signaling pathways, i.e., PI3K-AKT, NK cell-mediated cytotoxicity, cellular apoptosis, MAPK, JAK-STAT 
and NF-kB in cancer, EGFR-resistance, focal adhesion, Fc epsilon RI, T cell receptor, cell senescence, regulation 
of actin cytoskeleton, transcription misregulation, B cell receptor, mTOR, ERBB, Ras, VEGFR, PDL-1, RIG-I-
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like receptor, platinum drug resistance, and P53 signaling pathways (Fig. 3). Comprehensive network analysis 
using Reactome database identified 38 multiple signaling pathways, i.e., signal transduction, IL2, IL3, IL4, IL5, 
IL13, GM-CSF, ILR SHC, extra-nuclear estrogen, FGFR3 in disease, downstream signaling of activated FGFR1-
4, DAP12, death receptor, FLT3, PDGFRA, and EGFR-v-III. These pathways were linked with 180 biochemical 
pathways. Functional enrichment analysis of the 20 selected biological processes based on the set criterion, i.e., 
KEGG, biological processes, and Reactome are shown in Figs. 3 and 4, and 5, respectively. The set criterion 

Fig. 1.  The diagramtic flow chart of the study.
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included the three shared genes with a p-value of ≤ 0.05 between signaling pathways for representing the KEGG, 
biological, and Reactome processes. A pharmacological mechanism of AL is shown in Fig. 6.

The associations between biomarkers and the fold changes of mRNA expressions in patients 
with disease progression and survival status, Kaplan-Meier analysis, and cox-proportional 
regression analysis
Disease progression
The study assessed the relationship between proposed biomarkers and mRNA expression changes in patients 
experiencing disease progression and survival status through Kaplan-Meier and Cox-proportional regression 
analyses.

A significant difference in ALP ratios was observed between patients with progressive and non-progressive 
disease, with a p-value of 0.048. Other biomarkers (AST, ALT, LDH, CPK, CA19-9, CEA, and IL-6) did not 
show significant associations (Table S5). The ROC analysis indicated that the cut-off value for ALP ratios to 
distinguish between disease progression was ≥ 1.023 folds (AUC = 0.917, 95% CI = 0.739–1.00, p = 0.04; Youden’s 
index = 0.875) (Fig S1). This yielded a sensitivity of 87.5%, specificity of 100%, positive predictive value (PPV) 
of 1, negative predictive value (NPV) of 0.75, and accuracy index (AI) of 0.9. However, Kaplan-Meier analysis 
revealed significant no differences in progression-free survival (PFS) based on these ALP ratios (p = 0.104) (Fig 
S2). No significant difference following cox-proportional regression analysis was found disease progression and 
ALP ratios (HR: 5.27, 95%CI: 0.89–100.6, p = 0.1265) (high vs. low) (Fig S3).

The ROC analysis for various genes indicated significant differences in their expression between progressive 
and non-progressive disease: APC (≥ 1.49 folds, AUC = 0.917, p < 0.001), BAX (≥ 0.82 folds, AUC = 0.917, 
p < 0.001), DNMT3A (≥ 0.805 folds, AUC = 1, p < 0.001). Others included ETS2, GNA11, IGF1, IRAK2, PLCG2, 
POLB, RAF1, THEM4, BDNF, CDKN2A, ERBB2, TTK, and XPA, with respective AUC values indicating strong 
predictive capability (AUCs ≥ 0.917) (Fig S4 ,5). Significant associations with PFS were noted for DMNT3A, 
GNA11, IGF1, IRAK2, POLB, RAF1, THEM4, and XPA (Table S6, Fig S6-21).

RAF1 and XPA demonstrated significant hazard ratios 9.316 (p = 0.042) and 0.174 (Reciprocal HR: 5.732) 
(p = 0.037) (Fig S22-36, Table S7), respectively, indicating a strong association with disease progression. A 
correlation analysis revealed positive correlations between ALP ratios and BAX, PLCG2, and RAF1, while BDNF 
and TTK showed negative correlations (Table S8). Notably, in patients with non-progressive disease, a strong 
positive correlation (r = 0.998, p = 0.037) between ALP and GNA11 ratios was found, alongside a significant 
negative correlation with TTK (r=−1.00, p = 0.009) in patients responding to AL therapy (Table S9).

Demographic data Treatment (n = 11) Control (n = 4)

Sex M: 7 (63.64%)
F: 4 (36.36%)

M: 1 (25%)
F: 3 (75%)

Age (year) 67.58 (95%CI: 61.99–73.17) 65 (95%CI: 59.42–77.55)

Body weight (Kg) 54.03 (95%CI: 48.121–59.94) 50.1 (95%CI: 23.47–76.72)

Height (cm.) 157.6 (95%CI: 152.72–157.44) 156 (95%CI: 134.53–177.67)

Staging

• IIIB 0 (0%) 1 (25%)

• IV 11 (100%) 3 (75%)

ECOG score

• 0–1 6 (54.54%) 1 (25%)

• 2 5 (45.46%) 3 (75%)

WBC (x103 cells/µL) 9.23 (95%CI: 6.64–12.02) 7.49 (95%CI: 2.65–12.34)

Platelets (x103 cells/µL) 308.58 (95%CI: 239.34–377.82) 203.5 (95%CI: 2.944–409.94)

Hb (g/dL) 11.80 (95%CI: 10.84–12.76) 10.42 (95%CI: 7.03–13.82)

PT (seconds) 13.22 (3.4) 13.55 (95%CI: 10.41–16.69)

INR 1.14 (95%CI: 1.02–1.26) 1.13 (95%CI: 0.92–1.34)

PTT (seconds) 28.61 (95%CI: 25.68–31.52) 29.52 (95%CI: 26.52–32.53)

Creatinine clearance (mL/min) 52.16 (95%CI: 42.54–61.78) 60.25 (95%CI: 14.60–105.89)

AST (IU/L) 118.67 (95%CI: 59.39–177.94) 49.75 (95%CI: 28.24–71.25)

ALT (IU/L) 45 (100) 17 (17.25)

ALP (IU/L) 295.8 (95%CI: 199.57–458.63) 270.75 (95%CI: 60.33–601.83)

LDH (IU/L) 527 (313.2) 622. 62 (95%CI: 148.22–1097.03)

CPK (µg/L) 97.27 (95%CI: 67.68–147.33) 48.63 (95%CI: 11.98–109.23)

CA19-9 (U/L) 322 (2336) 2042 (95%CI: 2914–7000.08)

CEA (pg/L) 4.8 (14.35) 411.67 (95%CI: 414–1237)

IL6 (pg/mL) 36.11 (95%CI: 22.46–49.75) 13.45 (20.33)

Table 1.  Demographic data, baseline hematological and biochemical characteristics. Data are presented as N 
(%) or mean (95%CI) or median (IQR).

 

Scientific Reports |        (2025) 15:16279 5| https://doi.org/10.1038/s41598-025-91968-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Survival status
No significant differences in known biomarkers were observed between survivors and non-survivors receiving 
AL therapy (p-values ranged from 0.145 to 1.00) (Table S10). ROC analysis revealed significant differences for 
AR and EYA1 ratios, both demonstrating AUC values of 1 (p = 0.034), with cut-off values of ≥ 1.895 and ≥ 1.67 
folds, respectively (Fig S37, Table S11).

Significant differences in overall survival (OS) were observed for AR and EYA1 (p = 0.008) (Fig S38, 39, Table 
S12). The Cox hazard ratios did not demonstrate significant predictive value (p = 0.504) (Fig S40, 41, Table S13).

Strong positive correlations were found between AR and CA19-9 ratios (Table S14), and between EYA1 and 
CA19-9 ratios (Table S15), indicating a potential association of these biomarkers with survival outcomes. In 
addition, negative correlations were reported between AR and ALT ratios (Table S14), and between EYA1 and 
CPK ratios (Table S15, indicating an association of these biomarkers with survival outcomes.

Logistic regression highlighted RAF1 and XPA as significant predictors for disease progression, with 
acceptable McFadden’s scores indicating model reliability.

Multi-logistic regression suggested that AR and EYA1 were significantly associated with OS, but the high 
McFadden’s score indicated potential model inadequacy.

Probability risks for disease progression were stratified into four levels based on RAF1 and XPA ratios, 
suggesting tailored approaches for patient management based on risk assessment.

Adverse drug reactions
The incidence rates of grade 2 and 3 adverse events were consistent across groups, with no significant differences 
in blood parameters or liver function tests, suggesting minimal AL-related adverse effects.

Cross-talk among potential target genes and signaling pathways
Twenty-four enriched pathways were investigated for the interplay between the two functional interaction 
pathways. The cross-talk signaling pathways associated with tumor growth/proliferation/ survival of cancer, 
angiogenesis, and metastasis were categorized into three groups according to their abilities to depict the 

Fig. 2.  A Molecular network of AL in patients with advanced-stage of intrahepatic cholangiocarcinoma 
(iCCA).
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mechanisms involved in tumor formation and invasion. The major cross-talk module consisted of various 
cellular processes, including cellular response to external stimuli, cell communication, regulation of cell death, 
signal transduction, and immune response.

Table  3 summarizes the cross-talk signaling pathways associated with tumor growth, proliferation, 
progression, survival, angiogenesis, and metastasis in patients with advanced-stage iCCA following AL therapy.

Tumor growth/proliferation/survival pathway The PI3K-AKT and JAK-STAT pathways demonstrated the 
highest similarity in tumor growth, proliferation, and survival, with a Jaccard value of 0.54, indicating significant 
overlap in the shared genes between the two pathways. The second-highest ranked pathways were MAPK-T cell 
receptor, NK-cell mediated toxicity-B cell receptor, Fc epsilon RI-proteoglycan, proteoglycan-T cell receptors, 
proteoglycan-NK-cell mediated cytotoxicity, PDL-1-Ras, PDL-1, and TNF-α signaling pathways.

Angiogenesis The highest-ranked pathways for angiogenesis included EGFR resistance-mTOR, EGFR 
resistance-Ras, EGFR resistance-PDL1, EGFR resistance-ErBb, ErBb-PDL1, ErBb-Ras, and ErBb-proteoglycan 
signaling, all showing the same level of similarity with a Jaccard index of 0.5, indicating significant cross-linking 
in their involvement.

Metastasis The regulation of actin cytoskeleton-Fc epsilon RI pathway had the highest Jaccard index for 
metastasis.

Candidate gene targets of AL
Gene targets associated with disease progression
Eleven gene targets and 18 edges, with an average degree of 3.27 [PPI], were used to build a comprehensive 
pharmacology-based network analysis in patients with progressive compared with non-progressive diseases. 
ERBB2 (1st rank), CDKN2A (2nd rank), BDNF (3rd rank), and IGF-1 (4th rank), DNMT3A (4th rank), Raf 
(4th rank) and GNA11 (4th rank) showed degrees of 8, 6, 4, 3, 3, 3, and 3, respectively, indicating their potential 
central hubs in regulating iCCA progression.

Three different analyses for regulating iCCA progression following functional analysis based on the eleven 
gene targets including KEGG pathway, biological processes, and Reactome pathway, were determined as follows: 

Target Degree Betweenness Closeness

TNF-α 22 765 0.57

PIK3CA 15 318 0.51

NRAS 14 236 0.47

JAK1 11 136 0.52

IL2RB 11 65.18 0.50

IL2RA 11 65.18 0.50

SYK 9 50.62 0.49

SOS1 9 27.88 0.43

HDAC2 7 286.72 0.46

GZMB 6 6.73 0.43

GNGT1 6 44.3 0.39

PRKCG 6 69.68 0.41

FBXW7 6 77.26 0.41

SMAD2 5 96.51 0.47

CCR7 5 0.5 0.42

BCL2 5 71.23 0.40

TSLP 5 1.06 0.42

PRKAR2A 4 14.56 0.36

RXRG 4 55.47 0.39

PAX8 4 20.13 0.39

OSM 4 0.0 0.42

PPP3CA 4 21.30 0.34

FGF1 4 25.96 0.46

CYLD 4 49.74 0.43

HDAC6 4 13.73 0.42

MAPT 4 49.19 0.44

IKBKG 4 5.36 0.39

PLAU 3 164 0.38

CAC1D 3 5.83 0.33

IDH2 3 0.0 0.36

Table 2.  The major parameters of the top 30 targets in PPI networks in patients with advanced stage of 
intrahepatic cholangiocarcinoma (iCCA) after AL therapy.
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i) KEGG analysis of the modulatory effects of AL on various signaling pathways such as the EGFR tyrosine 
kinase inhibitor, micro-RNA in cancer, Ras, TP53, platinum-drug resistance, MAPK, PI3K-AKT, ERBB2, and 
HIF-signaling pathways, II) signaling transduction of various biological processes, e.g., regulation of the cellular 
metabolic process and protein phosphorylation, and intracellular signal transduction, III) Reactome analysis of 
platelet activation and aggregation signaling pathways associated with GNA11, RAF1, IGF1, and PLCG2 target 
genes based on protein-protein interaction analysis.

Gene targets associated with survival
A comprehensive pharmacology-based network analysis was performed in survivors and non-survivors using 
seven gene targets and five edges, with an average degree [PPI] of 1.43. AR, FOS, HSPA1A, and MMP9 had 
degrees of 3 (1st rank), 3 (1st rank), 2 (2nd rank), and 2 (2nd rank). Functional enrichment analysis suggests 
that AL modulates toll-like receptor cascades, IL12 family signaling, regulation of mRNA stability, autophagy, 
signaling by NOTCH, regulation of TP53 activity, signaling by TGF-beta receptor complex, and MAPK family 
signaling cascades.

Binding affinity of AL to candidate gene targets
Table  4 summarizes the binding affinities of the three components of AL (atractylodin, beta-eudesmol, and 
atractylodin), standard drugs for iCCA (gemcitabine and 5-FU), and reference drugs/compounds (Ruxolitinib, 
idelalisib, panobinostat, SM16, GTP, BI-3406, Afatinib, and guadecitabine) to eleven candidate molecular 
targets of AL in iCCA. All reference drugs showed the highest binding affinities to all targets. Among the three 
components of AL, hinesol showed the highest binding affinities to all targets. The binding affinity of beta-
eudesmol was relatively lower. Atractylodin weakly binds to most targets. For standard drugs, gemcitabine 
showed a high binding affinity comparable to hinesol. Residue proteins and root mean square deviation (RMSD) 
for each drug and target (binding affinity ≥ 6 kcal mol−1) are shown in Supplementary figures S42-77.

Discussion
Associations between biomarkers and disease progression
This study identified an ALP ratio increase (≥ 1.024) as a potential predictor of iCCA progression following 
AL treatment. However, Kaplan-Meier analysis showed no significant correlation between ALP changes and 

Fig. 3.  The top 12 KEGG pathway in patients with advanced stage of intrahepatic cholangiocarcinoma after 
AL therapy.
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progression-free survival (PFS), suggesting ALP ratios alone do not independently predict treatment response. 
Elevated ALP levels are linked to various hepatobiliary and metastatic conditions, including CCA, where high 
ALP correlates with rapid progression after gemcitabine-cisplatin treatment (p= 0.01)14. Additionally, high 
platelet counts and lower hemoglobin levels were associated with a worse prognosis, with hemoglobin showing 
a hazard ratio (HR) of 0.90 (95% CI = 0.83–0.97, p= 0.009)15.

Regarding mRNA expression, 11 of 16 genes demonstrated predictive potential for AL response, with an area 
under the curve (AUC) > 0.9 (p < 0.001). Patients with RAF1 ratios ≥ 0.5 had a 9.32-fold higher risk of disease 
progression, while those with XPA levels < 1.34 had a 5.73-fold increased risk, emphasizing their role as early 
prognostic markers for AL therapy continuation. Elevated RAF1 ratios indicate heightened progression risk, 
whereas lower XPA levels suggest impaired DNA repair, contributing to disease advancement.

Unlike targeted mRNA/protein-based therapies, conventional chemotherapy (gemcitabine/cisplatin) lacks 
specific molecular targets. However, overexpression of ATP-binding cassette (ABC) transporters, such as 
ABCC1 (MRP1), reduces intracellular drug concentrations, contributing to 5-FU resistance16. Similarly, altered 
orotate phosphoribosyl transferase activity weakens FdUMP activation, impairing 5-FU efficacy, while OCT4 
and MRP1 upregulation have been implicated in gemcitabine resistance17. Furthermore, FGFR2 alterations 
impact AKT/mTOR and STAT3 pathways, linking them to gemcitabine resistance, reinforcing the need for 
FGFR2 testing before treatment18.

For targeted therapy, risk-stratified gene expression analysis identified HACL1, LAMA4, GMNN, C1RL, 
PCBD1, and FXYD2 as prognostic markers. The low-risk group responded better to bosutinib, gefitinib, 
gemcitabine, and paclitaxel, whereas the high-risk group showed improved responses to axitinib, cisplatin, and 
imatinib19. Additionally, PD-L1 expression serves as a prognostic indicator for immune checkpoint inhibitor 
(ICI) efficacy in iCCA patients. Notably, there was no overlap in the genetic markers associated with AL 
treatment and those linked to conventional or targeted therapies, suggesting distinct molecular pathways drive 
progressive disease under different therapeutic regimens.

Correlation analysis and prognostic markers
PLCG2 showed the strongest positive correlation with ALP (r = 0.736, p = 0.01), linking its activation of the ERK 
pathway to iCCA proliferation and apoptotic resistance. Patients with elevated PLCG2 levels experienced worse 
disease progression (1.40 vs. 0.41). Conversely, TTK, a promoter of tumor survival in gastric and hepatocellular 

Fig. 4.  The top 20 biological processes in patients with advanced stage of intrahepatic cholangiocarcinoma 
after AL.
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cancers, exhibited a moderate inverse correlation with ALP (r=−0.727, p = 0.01). These findings suggest that 
genetic signatures play a role in cancer biomarker expression and disease progression.

RAF1 ratios correlated with increased progression risk, while lower XPA ratios indicated reduced risk. Raf-1 
inhibition has been shown to suppress CCA metastasis by modulating MMP9/MMP4 expression and inhibiting 
EGF-induced cell growth20. Clinical studies reported an 18.1% partial response rate for Ras inhibitors across 
multiple cancers, including CCA21. Re-challenging Raf-1 inhibitors in BRAF-1 aberrant patients also yielded 
clinical responses, supporting its therapeutic potential.

XPA, crucial for nucleotide excision repair (NER), mediates platinum-based chemotherapy resistance22. 
In progressive iCCA cases, mRNA expression of XPA was elevated; however, XPA ratios < 1 suggest AL may 
suppress its expression, potentially reversing platinum resistance.

Combining AL with gemcitabine-cisplatin may enhance disease control rates (DCR) in patients with 
platinum-resistant iCCA compared to chemotherapy alone.

Survival analysis
This study found no significant differences in liver enzymes, CA19-9, CEA, or IL-6 between AL-treated iCCA 
patients and controls, suggesting these biomarkers may not predict survival in this cohort. However, the small 
sample size, with only two deaths recorded, may limit statistical power.

Previous studies have shown that ALP levels ≥ 138 IU/L were associated with shorter overall survival 
(HR = 1.654, 95% CI = 1.170–2.38, p= 0.004) following chemotherapy, compared to ALP < 138 IU/L (11.6 vs. 
4.47 months)23. Similarly, CA19-9 < 1,000 IU/mL correlated with improved one-year survival23. While both 
gemcitabine and 5-FU influenced ALP levels, only gemcitabine-based treatment showed significant changes23.

Jiang et al. reported that iCCA patients with ALP ≤ 147 IU/L had longer one-year and three-year survival (23 
vs. 10.4 months) and a 1.64-fold higher probability of survival (95% CI = 1.20–2.22, p= 0.002) than those with 
ALP > 147 IU/L24. Higher CA19-9 levels were linked to better one-year survival than ALP ≤ 37 µg/mL (29.2 vs. 
14.1 months), with a 1.80-fold increased survival probability (95% CI = 1.337–2.445, p< 0.001) in those with 
ALP ≤ 37 µg/mL25.

These findings highlight the prognostic value of ALP and CA19-9 in iCCA, though their relevance in AL-
treated patients remains unclear.

Fig. 5.  The top 22 Reactome pathway in patients with advanced stage of intrahepatic cholangiocarcinoma after 
AL therapy.
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Promising candidate gene targets for AL
AL therapy targets critical pathways involved in iCCA progression, including PI3K-AKT, JAK-STAT, and Ras/
MAPK/mTOR, which regulate tumor growth, survival, and immune evasion26–34. AL enhances immune response 
by stimulating NK, T-, and B-cell activity through genes such as GZMB, TNFRSF10A, PRKCG, PIK3CA, and 
SYK, which are linked to NK cell-mediated cytotoxicity and adaptive immunity35–40.

Downregulation of tumor-promoting genes, including GNA11 (3.5-fold), IGF1 (7.2-fold), THEM4 (13.15-
fold), PLCG2 (8.2-fold), POLB (7.14-fold), and RAF1 (17.35-fold), correlates with reduced tumor proliferation, 
differentiation, invasion, and metastasis41–45. Suppressing RAF1 may limit EGFR resistance and enhance 
the efficacy of EGFR/PI3K inhibitors, potentially overcoming drug resistance in iCCA46–51. Additionally, 
suppression of TSLP (7-fold), COL5A2, FLNC, ITGA3, and PLAU may improve overall survival by reducing 
tumor progression, angiogenesis, and immune suppression52–57.

AL therapy appears to shift gene expression toward tumor suppression, supporting its potential as an adjunct 
treatment for advanced iCCA by inhibiting proliferation, reversing resistance, and enhancing immune response.

Proposed molecular targets of AL action
KEGG pathway enrichment analysis identified six critical pathways involved in iCCA progression following AL 
therapy: tumor proliferation, growth, survival, angiogenesis, invasion, and metastasis. The PI3K/AKT pathway 
(FDR = 2.26E-23) was the most significantly altered, impacting tumor progression through mTOR, Raf-1, NF-
κB, MDM2, PDK1, p21/p27, Caspase 3/7/9, FOXO, eNOS, and MMP-2/9/1317,18,34,41–45,53–82.

AL therapy modulated 15 key genes linked to the PI3K/AKT pathway, including OSM, SOS1, IL2RA, IL2RB, 
NRAS, NOS3, EIF4EBP1, JAK1, SYK, BCL-2, FGF1, IKBKG, ITGA3, GNGT1, and PIK3CA. Notably, JAK1 
(33-fold downregulated) regulates tumor growth and immune response, and its suppression may control iCCA 
progression and reduce immunosuppressive effects17,31,54,70–74. OSM (downregulated), associated with lymphatic 
and distant metastasis, correlates with better overall survival (OS) and recurrence-free survival (RFS)54. NOS3 
(downregulated) suppresses apoptosis and promotes angiogenesis via VEGF; its downregulation may inhibit 
metastasis43,76. EIF4EBP1 (downregulated) is linked to poor differentiation and lymph node metastasis in hilar 
CCA, and suppression may reduce tumor invasion28. SOS1 (22-fold downregulated) regulates PI3K/AKT, EMT, 
and MAPK signaling, and its suppression could inhibit EGFR resistance, EMT, and metastasis78–80. ITGA3 (8-
fold downregulated) activates PI3K through focal adhesion; downregulation correlates with reduced tumor size, 

Fig. 6.  A schematic diagram showing the proposed pharmacological mechanism of AL in patients with 
advanced-stage iCCA.
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Pathway A Pathway B Jaccard index

 Growth/proliferation/survival tumor

 PI3K-AKT JAK-STAT 0.54

 MAPK T cell receptor 0.5

 NK-cell mediated cytotoxicity B cell receptor 0.5

 Fc epsilon Proteoglycan 0.5

 Proteoglycan T-cell receptor 0.5

 Proteoglycan NK-cell mediated cytotoxicity 0.5

 NK-cell mediated cytotoxicity Proteoglycan 0.5

 PDL-1 Ras 0.5

 PDL-1 TNF-alpha 0.5

 NK-cell mediated cytotoxicity T-cell receptor 0.44

 APOPTOSIS TNF-alpha 0.43

 mTOR Proteoglycan 0.43

 Proteoglycan Ras 0.43

 MAPK B cell receptor 0.4

 APOPTOSIS NF-Kappa 0.4

 MAPK NK-cell mediated cytotoxicity 0.38

 JAK-STAT mTOR 0.38

 mTOR NK-cell mediated cytotoxicity 0.38

 Proteoglycan B cell receptor 0.38

 mTOR T-cell receptor 0.33

 Proteoglycan Cell senescence 0.33

 MAPK Apoptosis 0.31

 MAPK Proteoglycan 0.31

 MAPK mTOR 0.3

 MAPK Ras 0.3

 MAPK PDL-1 0.3

 MAPK TNF-alpha 0.3

 MAPK RIG-I like receptor 0.3

 Proteoglycan Focal adhesion 0.3

 Proteoglycan APOPTOSIS 0.27

 PI3K-AKT mTOR 0.25

 PI3K-AKT Ras 0.25

 JAK-STAT PDL-1 0.25

 Apoptosis P53 signaling 0.25

 Apoptosis RIG-I like receptor 0.25

 Apoptosis Platinum drug resistance 0.25

 NF-kappa TNF-alpha 0.25

 NF-kappa RIG-I like receptor 0.25

 Proteoglycan PDL-1 0.25

 Proteoglycan TNF-signaling 0.25

 Apoptosis NK-cell mediated cytotoxicity 0.25

Angiogenesis

 EGFR-resistance PI3K-AKT 0.5

 EGFR-resistance mTOR 0.5

 EGFR-resistance Ras 0.5

 EGFR-resistance PDL-1 0.5

 EGFR-resistance ErBb signaling 0.5

 ErBb signaling PDL-1 0.5

 ErBb signaling Ras 0.5

 ErBb signaling Proteoglycan 0.5

 EGFR-resistance B-cell receptor 0.43

 ErBb signaling Regulation of actin cytoskeleton 0.4

 EGFR-resistance JAK-STAT 0.4

 ErBb signaling B-cell receptor 0.4

 EGFR-resistance Fc epsilon 0.38

Continued
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lymph node metastasis, and advanced TNM stage56. BCL-2 (7-fold downregulated) is linked to chemoresistance, 
and its suppression may enhance apoptosis and treatment response46,75. FGF1 (14-fold upregulated) potentially 
activates angiogenesis via PI3K/AKT, although its impact may be minimal due to low FGFR1 overexpression in 
iCCA83–85.

Downregulation of key oncogenic genes in the PI3K/AKT pathway suggests that AL therapy suppresses 
iCCA proliferation, growth, angiogenesis, and metastasis. The 6-fold downregulation of PIK3CA indicates a 
significant reduction in pathway activation, supporting the observed improvements in OS and progression-free 
survival (PFS) in AL-treated patients compared to palliative care. These findings position AL as a promising 
adjunct therapy in advanced-stage iCCA.

NK cell-mediated cytotoxicity
The NK cell-mediated cytotoxicity pathway was the second most altered pathway following AL therapy, 
involving key immune response regulators like GZMB, TNFRSF10A, TNF-α, PKCG, and PIK3CA84. GZMB 
(downregulated) is essential for apoptosis via caspase-3/7 activation, and its reduction may impair NK and 
T-cell cytotoxicity, affecting immunosuppressive functions52. TNFRSF10A (10-fold upregulated), also known as 
TRAIL-1, promotes apoptosis in iCCA cells through DR4/5 activation. Its increase may compensate for GZMB 
downregulation, enhancing tumor cell death29. TNF-α (downregulated) plays a role in NK cell proliferation 
and cytotoxicity, but its reduction did not significantly affect CDKN2A expression, indicating stable NK cell 
function80,81.

AL therapy modulates NK cell-mediated immune responses, potentially suppressing granzyme-mediated 
apoptosis while enhancing TRAIL-dependent apoptosis, supporting its anti-tumor effects in iCCA. Additionally, 
downregulation of key oncogenic genes in the PI3K/AKT pathway suggests AL therapy inhibits iCCA 
proliferation, growth, angiogenesis, and metastasis. Notably, the 6-fold downregulation of PIK3CA indicates a 
significant reduction in pathway activation, supporting the observed improvements in OS and PFS in AL-treated 
patients compared to palliative care. These findings position AL as a promising adjunct therapy for advanced-
stage iCCA.

Apoptosis pathway
The apoptosis pathway ranked third among the pathways linked to AL action, involving genes such as GZMB, 
TNFRSF10A, PI3KCA, BCL-2A1, MAP3K5, NRAS, BCL-2, TNF, and IKBKG. BCL-2A1, an anti-apoptotic 
protein, promotes survival in various cancers, with higher overexpression in lymphoma and leukemia patients 
compared to those with solid tumors86. In advanced-stage solid tumors, BCL-2A1 upregulation is linked to 
chemoresistance86. The downregulation of both BCL-2A1 and BCL-2 after AL therapy may increase sensitivity 
to chemotherapy-resistant iCCA.

In silico docking simulation
In silico docking results revealed high binding affinities of hinesol and beta-eudesmol to the candidate molecular 
targets, supporting AL’s clinical efficacy in a phase IIA trial12. While hinesol showed low cytotoxic potency 
against iCCA cells87, it had high binding affinity to all targets except HDAC2, NRAS, and SOS1. Notably, 
hinesol combined with beta-eudesmol or atractylodin exhibited synergistic cytotoxic effects across all iCCA 
cell lines87. These findings suggest that the compounds effectively bind to their molecular targets, preventing 
tumor development and inducing cell death. Gemcitabine demonstrated higher binding affinity than 5-FU to all 
targets, likely due to the differing molecular targets of the two drugs—5-FU targets thymidylate synthase, while 

Pathway A Pathway B Jaccard index

 EGFR-resistance T-cell receptor 0.38

 ErBb signaling Fc epsilon 0.33

 ErBb signaling T-cell receptor 0.33

 EGFR-resistance Proteoglycan 0.3

 EGFR-resistance Platinum resistance 0.28

 EGFR-resistance NK-cell mediated cytotoxicity 0.27

 ErBb signaling PI3K-AKT 0.25

Metastasis

 Regulation of actin cytoskeleton T-Cell receptor 0.5

 Regulation of actin cytoskeleton Fc epsilon 0.5

 Regulation of actin cytoskeleton EGFR-resistance signaling 0.43

 Regulation of actin cytoskeleton VEGFR signaling 0.4

 Regulation of actin cytoskeleton PDL-1 0.4

 Regulation of actin cytoskeleton Proteoglycan 0.38

 Regulation of actin cytoskeleton PI3K-AKT 0.33

 Regulation of actin cytoskeleton NK-cell mediated cytotoxicity 0.33

 Regulation of actin cytoskeleton MAPK 0.27

Table 3.  A cross-talk pathway between the different pathways.
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Protein target Drug/compound Binding affinity (kcal mol−1)

JAK1

Ruxolitinib (standard JAK1 inhibitor) −7.5

β-eudesmol −7.04

Atractylodin −5.58

Hinesol −7.62

5-FU −4.1

Gemcitabine −5.95

PI3KCA

Idelalisib (standard PI3KCA inhibitor) −7.69

β-eudesmol −7.27

Atractylodin −5.7

Hinesol −8.76

5-FU −4.55

Gemcitabine −6.41

HDAC2

Panobinostat −9.9

β-eudesmol −6.73

Atractylodin −5.87

Hinesol −8.55

5-FU −3.88

Gemcitabine −5.6

IL2RA

β-eudesmol −6.34

Atractylodin −4.8

Hinesol −7.3

5-FU −3.24

Gemcitabine −6.19

IL2RB

β-eudesmol −6.43

Atractylodin −5.11

Hinesol −7.3

5-FU −3.45

Gemcitabine −5.1

TNF-α

β-eudesmol −5.45

Atractylodin −3.67

Hinesol −6.01

5-FU −3.15

Gemcitabine −4.35

SMAD2

SM16 (standard SMAD2 inhibitor) −7.88

β-eudesmol −7.56

Atractylodin −1.44

Hinesol −9.02

5-FU −3.84

Gemcitabine −6.02

NRAS

GTP (standard NRAS inhibitor) −8.9

β-eudesmol −7.59

Atractylodin −5.3

Hinesol −7.99

5-FU −4.63

Gemcitabine −7.24

SOS1

BI-3406 (standard SOS1 inhibitor) −8.3

β-eudesmol −7.41

Atractylodin −5.7

Hinesol −7.74

5-FU −3.63

Gemcitabine −6.00

Continued
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gemcitabine targets DNA replication components88. Patients treated with gemcitabine plus cisplatin89showed 
superior tumor control, time-to-progression, disease-free survival, and overall survival compared to those 
treated with 5-FU, leucovorin, and cisplatin89. 5-FU and gemcitabine were selected for docking simulation as 
first-line treatments for intrahepatic cholangiocarcinoma, although their mechanisms of action are limited to 
targeting AL-related molecules such as JAK1, PI3KCA, HDAC2, and IL2RA. Further preclinical studies are 
needed to confirm the efficacy of gemcitabine and 5-FU on these potential targets.

Potential errors and bias
Potential errors in ligand-receptor interactions affecting ligand binding affinity can be categorized into four 
sources as follows:

Protein structure Missing residues or domains may alter the binding pocket geometry. Incorrect rotamer 
assignments within the binding pocket can misalign interactions with the ligand. Protein flexibility is often 
overlooked.

Ligand Inadequate sampling of ligand conformations may underestimate the optimal binding pose. Incorrect 
protonation states of functional groups can affect receptor interactions. Inaccurate force field parameters can 
lead to incorrect energy calculations.

Docking algorithm Search algorithms may fail to sufficiently sample potential binding modes, especially in 
complex interactions. Improperly defined binding sites may lead to irrelevant biological targets.

Environmental factors Not accounting for water molecules around the binding site can distort protein-ligand 
interaction.

Evidence before this study
Beta-eudesmol, atractylodin, and hinesol --key active compounds of Atractylodes lancea(Thunb) DC exhibit 
antiproliferative, apoptotic, anti-metastatic, and anti-angiogenic effects through multiple mechanisms: (i) 
promotion of cell cycle arrest through modulation of p16, CDK1, CDK4, and p218; (ii) apoptosis activation 
through increasing Bax/Bcl2 ratio, TNFRSF6, cytochrome C, and caspase activation (caspase-3, −8, −9, Apaf1, 
Bax-3)8,90; (iii) immunostimulation through enhancing CDKN2B expression, promoting immune control of 
iCCA90; (iv) PI3K-AKT pathway suppression through downregulating phosphorylated PI3K, AKT, p-p38MAPK, 
STAT1/3, HO1, and NF-κB6,91; (v) anti-angiogenesis through downregulating Vegfa and Vegfr2 expression7; and 
(vi) anti-metastatic effects through downregulating MMP9, N-Cadherin, and TGF-beta expression8.

These findings stem from in vitro and in vivo studies; however, clinical validation in humans remains lacking.

Added value of this study
This is the first study to provide a network analysis of AL and its bioactive constituents—beta-eudesmol, 
atractylodin, and hinesol—in patients with advanced intrahepatic cholangiocarcinoma (iCCA). Our findings 
demonstrate that AL inhibits iCCA growth through multiple mechanisms. AL promotes apoptosis via Bcl-2, 
Bcl-2A1, ASK, and SMAD2, enhances NK cell-mediated cytotoxicity through FAS-TRAIL, TNFRSF10A, PKCG, 
and TNF-alpha, and suppresses CCA metastasis by targeting ITGA3 and EIF4EBP1. It also affects angiogenesis 
by interacting with NOS3, ERBB2, and FGF1/FGFR1. Additionally, AL sensitizes CCA to gemcitabine/5-FU-
induced chemoresistance by modulating the Bcl-2/Bcl-2A1 pathway. Docking simulations confirm that AL 
bioactives bind to key targets, including JAK-1, HDAC2, IL2RA, SMAD2, NRAS, SOS1, ERBB2, and DNMT3A, 
which are involved in metastasis and angiogenesis. Notably, RAF1 and XPA were identified as potential new 
targets for CCA therapies.

Protein target Drug/compound Binding affinity (kcal mol−1)

ERBB2

Afatinib (standard ERBB2 inhibitor) −7.37

β-eudesmol −6.66

Atractylodin −4.44

Hinesol −6.8

5-FU −4.54

Gemcitabine −6.22

DNMT3A

Guadecitabine (standard DNMT3A) −12.92

β-eudesmol −7.67

Atractylodin −6.05

Hinesol −8.51

5-FU −4.47

Gemcitabine −7.01

Table 4.  The binding affinities of the three components of AL (atractylodin, b-eudesmol, and atractylodin), 
standard drugs for iCCA (gemcitabine and 5-FU), and reference drugs/compounds (Ruxolitinib, idelalisib, 
Panobinostat, SM16, GTP, BI-3406, Afatinib, and guadecitabine) to eleven candidate molecular targets of AL in 
iCCA.
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Implications of all the available evidence
Our data, consistent with previous studies, show that AL and its bioactive compounds significantly control 
cholangiocarcinoma (CCA) through multiple mechanisms, including enhancing apoptosis, inhibiting cellular 
growth, boosting NK cell-mediated cytotoxicity, preventing angiogenesis, and inhibiting invasion. We also 
identify new targeted proteins for CCA therapy. Previous research highlights AL’s antiproliferative effects, mainly 
via the PI3K/AKT pathway, and its role in caspase-dependent and independent apoptosis, anti-angiogenesis, 
and tumor invasion prevention. Through network analysis, we identified new targets and confirmed existing 
ones. Notably, patients treated with AL and exhibiting non-progressive disease (with lower RAF1 and higher 
XPA expressions) provide valuable insights for developing new drugs and treatment strategies for intrahepatic 
cholangiocarcinoma (iCCA).

Impacts of the study
Combining AL with a first-line regimen (gemcitabine plus cisplatin) may improve the disease control rate (DCR) 
in patients with platinum-based chemotherapy resistance. This study’s results, using a probability approach, 
serve as early prognostic markers, aiding in predicting the DCR, minimizing unnecessary treatments, and 
maximizing efficacy in clinical settings.

Limitations
The statistical analysis of multiple comparisons may be limited by a false positive rate, as Bonferroni correction 
was not applied. Additionally, the molecular network relies on static protein-protein interactions (PPI), while 
PPIs are dynamic, and gene expression can change over time. mRNA expression may not always correlate with 
protein translation, and further validation through protein expression, proteomics, and functional analysis, 
including western blot and kinetic binding assays, is needed to confirm these results.

While docking simulations provide useful insights into protein-ligand binding affinity, their accuracy is 
influenced by the quality of input data (protein structure, ligand quality, docking algorithm, and environmental 
factors). Neglecting protein flexibility, as seen with AutoDock Vina, may lead to inaccurate binding affinity 
calculations. Further assays, including western blot analysis and kinetic binding studies, are necessary to 
validate the interactions between AL bioactives and their targets. The Lamarckian Genetic Algorithm (LGA) in 
AutoDock accounts for flexible ligand poses, helping predict binding affinity for flexible proteins in biological 
contexts. However, limitations like atom type constraints and memory issues can result in long computational 
times. These limitations can be minimized by using well-refined protein structures (from X-ray crystallography 
or NMR with ≤ 3 Å resolution), selecting complete protein residues, defining binding pockets based on existing 
literature, and considering the role of surrounding water molecules.

Conclusion
A molecular networking study confirmed AL as a potential alternative treatment for iCCA by targeting key 
pathways such as PI3K/AKT, NK cell-mediated cytotoxicity, and apoptosis. These pathways regulate iCCA 
development, progression, angiogenesis, and invasion. This study highlights the utility of molecular networking 
in identifying signaling targets of herbal medicines, which contain both active and non-active components.

Data availability
The authors confirm that the data supporting the findings of this study are available within the article and/or its 
Supplementary Materials and Methods. The datasets used and/or analysed during the current study are available 
from the corresponding author upon reasonable request.
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