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ABSTRACT
Introduction: Bile duct cancer (cholangiocarcinoma) is an uncommon 

but highly aggressive malignancy characterized by late diagnosis and poor 
prognosis. Molecular profiling is essential to understand its pathogenesis and 
identify biomarkers for early detection and targeted therapy. This study aimed 
to identify key regulatory genes and molecular pathways associated with bile 
duct cancer using an integrated bioinformatics approach.

Methods: Gene expression datasets (GSE131027 and GSE107754) were 
retrieved from the NCBI Gene Expression Omnibus (GEO) database, and 
samples annotated as cholangiocarcinoma were selected for analysis. 
Differentially expressed genes were identified using GEO2R. Protein–protein 
interaction networks were constructed using the STRING database and 
analyzed in Cytoscape with CytoHubba for hub gene identification.

Results: A total of over 1,000 differentially expressed genes (DEGs) were 
identified across the analyzed datasets. Network and functional enrichment 
analyses highlighted seven major hub genes—TP53, HIST1H3F, H2AFZ, FOS, 
POLR2B, CAV1, and SMAD3 that occupied central positions within the protein–
protein interaction networks. These hub genes were associated with pathways 
related to transcriptional regulation, oxidative and nitrosative stress responses, 
RNA processing, and post-transcriptional gene regulation. Gene Ontology and 
KEGG pathway analyses further indicated enrichment of biological processes 
previously implicated in cancer-related molecular mechanisms, supporting 
their relevance in cholangiocarcinoma.

Conclusion: This integrative bioinformatics study identified critical hub 
genes and molecular pathways that may serve as potential biomarkers and 
therapeutic targets for bile duct cancer. Further validation and molecular 
docking studies could facilitate the development of targeted drugs and 
improve treatment outcomes.
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Introduction
Bile duct cancer (BDC), or cholangiocarcinoma, 

is a rare but highly aggressive malignancy arising from 
the epithelial lining of the bile ducts, which transport 
bile from the liver to the small intestine. Despite its low 
incidence, BDC presents significant clinical challenges 
due to late diagnosis, early local invasion, and poor 
overall prognosis. Anatomically, cholangiocarcinoma is 

classified into intrahepatic (iCCA) that originates within 
the liver parenchyma, perihilar (pCCA) arises at or near 
the hepatic duct bifurcation, and distal extrahepatic 
(dCCA) is where the tumor occurs closer to the pancreas 
and ampulla of vater.  This classification is critical for 
determining surgical strategies, prognostic assessment, 
and adjuvant therapy planning [1–3]. The Japanese 
Society of Hepato-Biliary-Pancreatic Surgery (JSHBPS) 
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provides standardized definitions and classifications for 
hepatobiliary malignancies, including BDC, to guide clinical 
management and optimize outcomes [4–6]. The pathogenesis 
of BDC is multifactorial. Chronic inflammation of the biliary 
epithelium, such as from primary sclerosing cholangitis, bile duct 
strictures, and liver fluke infestations, predisposes to malignant 
transformation. Viral hepatitis B and C infections are significant 
contributors, particularly in East Asia, where hepatitis prevalence 
is high[7–9]. Environmental toxins and genetic mutations, 
including alterations in tumor suppressor genes and oncogenes 
also been involved [10,11]. BDC predominantly affects older 
adults, with a higher incidence in males and geographic regions 
such as Southeast Asia exhibiting elevated prevalence rates.

Clinical presentation is often nonspecific that leads to 
delayed diagnosis in BDC. Patients commonly present with 
obstructive jaundice, pruritus, weight loss, and cholangitis. 
Imaging modalities, including computed tomography (CT), 
magnetic resonance imaging (MRI), and endoscopic retrograde 
cholangiopancreatography (ERCP), assist in tumor localization 
and staging, yet precise assessment of tumor spread along the 
bile duct remains difficult [12,13]. Cytological evaluation of 
ERCP brushings is highly specific but has limited sensitivity 
(23–56%) due to low cellularity and reactive changes 
and the most of the diagnosis frequently requires surgical 
exploration [13,14]. Surgical resection remains the primary 
curative therapy for BDC. The tumor's location and degree of 
dissemination dictate the kind and scope of the surgery. iCCA 
is managed with hepatic resection aiming for negative margins. 
Perihilar tumors, particularly Bismuth type III and IV lesions, 
often require major hepatectomy with caudate lobectomy, 
extrahepatic bile duct excision, and regional lymphadenectomy. 
Distal cholangiocarcinoma is primarily treated with 
pancreaticoduodenectomy (PD), whereas selected middle-
third common bile duct tumors may undergo segmental bile 
duct resection to avoid pancreatic transection while achieving 
oncological safe margins. The proximity of tumors to the hepatic 
artery, portal vein, and adjacent liver parenchyma complicates 
surgical planning, and extensive resections are associated with 
increased postoperative morbidity and mortality [15–17]. Long-
term results are still limited despite advancements in surgery. In 
spite of the aggressive tumor and early recurrence with five-year 
survival rate after extrahepatic cholangiocarcinoma excision 
seldom exceeds 50%. Prognostic factors include depth of the 
tumor invasion, lymph node metastases, perineural invasion, 
histological differentiation, and resection margin status. Serum 
carbohydrate antigen 19-9 (CA19-9) serves as an adjunct 
biomarker, although it is insufficient for early detection [18,19]. 
Preoperative biliary drainage and stenting are frequently required 
in obstructive cases but are associated with higher postoperative 
infectious complications, emphasizing careful patient selection.

Recent advances highlight the significance of molecular 
profiling in understanding BDC pathogenesis and guiding 
therapeutic strategies. Analyses of gene expression networks 
reveal dysregulation of genes involved in cell cycle control, 
apoptosis, and signaling pathways. Bioinformatics tools 
such as Cytoscape and datasets from NCBI Gene Expression 
Omnibus (GEO) facilitate visualization of gene interactions, 
identification of key regulatory genes, and prediction of survival 
outcomes. Such analyses can inform targeted drug development 
and stratify patients based on prognostic risk. Identifying 
consistently dysregulated genes enables precision medicine 
approaches and offers potential biomarkers for early diagnosis 
and therapeutic intervention  [20–23]. The concept of “field 

cancerization” is also relevant in BDC. Chronic bile duct injury 
and exposure to carcinogens may induce widespread epithelial 
alterations, predisposing patients to multifocal malignancies. 
This underscores the importance of thorough intraoperative 
assessment, histological examination of resection margins, and 
long-term surveillance for recurrence. Population-level studies 
utilizing administrative databases, such as the Korean National 
Health Insurance Service, have provided valuable insights into 
BDC risk factors, long-term prognosis, and treatment outcomes. 
These data complement molecular studies by correlating 
biomarker expression with clinical outcomes.

Advances in high-throughput transcriptomic technologies 
and computational biology have enabled systematic exploration 
of the molecular landscape of bile duct cancer. Publicly 
available gene expression datasets deposited in the NCBI Gene 
Expression Omnibus (GEO) provide valuable, large-scale data 
that allow unbiased identification of differentially expressed 
genes across independent patient cohorts, thereby enhancing the 
reliability and reproducibility of findings  [24,25]. Integrative 
analysis of multiple GEO datasets helps overcome sample 
heterogeneity and platform-specific bias commonly encountered 
in individual studies. Furthermore, protein–protein interaction 
(PPI) network analysis offers a systems-level perspective by 
elucidating functional relationships among dysregulated genes 
and identifying coordinated molecular modules involved in 
tumorigenesis [26–28]. Within these networks, hub genes 
defined by their high topological connectivity often represent key 
regulatory elements that control critical biological processes such 
as cell cycle regulation, apoptosis, and stress responses [29,30]. 
Therefore, combining GEO-based transcriptomic analysis with 
PPI network construction and hub gene identification provides 
a powerful bioinformatics framework for uncovering potential 
biomarkers and therapeutic targets in cholangiocarcinoma, 
bridging clinical observations with molecular mechanisms.

Bile duct cancer is a rare, highly aggressive malignancy 
arising from complex interactions between chronic inflammation, 
viral infections, environmental factors, and genetic alterations. 
Anatomical classification into intrahepatic, perihilar, and distal 
types guides surgical management and prognosis. While curative 
resection remains the cornerstone of treatment, survival is 
limited by aggressive tumor biology and anatomical complexity. 
Integrating molecular profiling, gene network analysis, and 
targeted therapy strategies offers promising avenues for 
improving patient outcomes. Multidisciplinary management—
including surgery, molecular diagnostics, supportive care, and 
palliative interventions—is essential for optimizing survival and 
quality of life in patients with this challenging malignancy.	

Despite advances in imaging and surgical management, the 
molecular mechanisms underlying cholangiocarcinoma remain 
incompletely understood, and reliable molecular biomarkers for 
early diagnosis are limited. Publicly available transcriptomic 
datasets from the Gene Expression Omnibus (GEO) provide 
valuable resources for systematically investigating gene 
expression alterations associated with bile duct cancer. 
Integrative bioinformatics approaches that combine differential 
gene expression analysis with protein–protein interaction 
network construction and hub gene identification enable the 
discovery of key regulatory genes and biological pathways 
involved in tumor progression. In this study, we applied a systems 
biology–based workflow to identify hub genes and functionally 
enriched pathways associated with cholangiocarcinoma, aiming 
to provide insights into disease mechanisms and potential 
molecular targets.
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in Cytoscape. CytoHubba ranks nodes based on topological 
properties of the network to identify key regulatory genes. In 
this study, hub genes were ranked using the Degree, DMNC 
(Density of Maximum Neighborhood Component), and 
Bottleneck algorithms. Genes consistently ranked among the 
top candidates were considered hub genes and selected for 
subsequent functional enrichment analyses.

ClueGo and BINGO
ClueGo is a tool that generates the first binary gene term 

matrix with their selected associated terms and genes. By looking 
at this matrix, there is a similarity between the terms to determine 
the association between the pathways, using the kappa statistics 
to assess the strength of the terms. Finally, the created networks 
represent the network using the kappa statistical score level. 
Using the custom method, the kappa score will automatically 
adjust based on the positive scale from 0 to 1, which reflects 
the network connectivity. By gene clustering, ClueGO allows 
the visualization of the groups based on their network to cluster 
distribution over the terms. There are two main modes for 
selecting the set of genes that can be functionally profiled in 
the default mode, like choosing the nodes from the Cytoscape 
network or using the other plugins using the MCODE or BINGO 
in Cytoscape. They are compiled from different sources for a 
set of upregulated genes in microarray experiments displayed 
in STRING network analysis. BINGO shows the relevant GO 
annotations, propagates them through the GO hierarchy, and 
shows a similar set of parental categories.

Software and Reproducibility
Differential gene expression analysis was performed using 

GEO2R, a publicly accessible web-based tool provided by the 
NCBI Gene Expression Omnibus, which applies the limma 
statistical framework. Protein–protein interaction networks were 
generated using the STRING database (version 12.0). Network 
visualization and analysis were conducted using Cytoscape 
(version 3.10.4). Hub gene identification was carried out using 
the CytoHubba plugin, and functional enrichment analyses were 
performed using the ClueGO and BiNGO plugins with default 
parameters. All datasets used in this study are publicly available, 
and the analysis can be reproduced by applying the same sample 
grouping and threshold criteria described above.

Methods
Bibliographic Search
Gene expression datasets GSE131027 and GSE107754 

were obtained from the NCBI Gene Expression Omnibus 
(GEO) database. GSE131027 is a pan-cancer microarray 
dataset generated using the Affymetrix Human Genome U133 
Plus 2.0 Array, whereas GSE107754 represents an independent 
dataset containing transcriptomic profiles relevant to biliary 
tract malignancies. Samples annotated as cholangiocarcinoma 
were selected from both datasets based on GEO metadata for 
downstream analysis.

Differential Gene Expression Analysis
Differential gene expression analysis was performed 

using GEO2R, an interactive web-based tool provided by the 
NCBI Gene Expression Omnibus. GEO2R applies the limma 
statistical framework to identify differentially expressed 
genes between defined sample groups. Samples annotated as 
cholangiocarcinoma / bile duct cancer were selected based on 
GEO metadata and compared with corresponding reference 
samples. Genes with an absolute log2 fold change (|log2FC|) > 1 
and an adjusted p-value < 0.05 (Benjamini–Hochberg correction, 
as implemented in GEO2R) were considered statistically 
significant and used for downstream protein–protein interaction 
and hub gene analyses

Formation of STRING network using the STRING 
network analysis and Cytoscape

Protein–protein interaction (PPI) networks were 
constructed using the STRING database to identify functional 
associations among differentially expressed genes. The 
interaction networks were visualized using Cytoscape through 
the STRINGApp plugin. Nodes represent proteins, and edges 
represent predicted or experimentally validated protein–protein 
interactions as curated by STRING. This network-based 
approach was used to explore molecular interaction patterns 
relevant to cholangiocarcinoma

Identification of Hub genes using Cytohubba
Hub genes were identified from the STRING-derived 

protein–protein interaction network using the CytoHubba plugin 

Figure 1 – Integrated Bioinformatics workflow for Cholangiocarcinoma analysis
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Schematic overview of the integrative bioinformatics 
workflow used to identify differentially expressed genes, hub 
genes, and enriched pathways in cholangiocarcinoma was 
shown in Figure 1.

Results 
Selection of samples from the selected GEO datasets
Through the NCBI GEO database, they selected two 

different datasets from the bile duct cancer. After analyzing the 

STRING data and the samples, they collected the number of 
samples from sets 1 and 2 from the database.

Identification of DEG
Differential expression analysis revealed substantial 

transcriptomic alterations across the two analyzed GEO datasets. 
In both datasets, more than 1,000 genes were identified as 
significantly differentially expressed, including both upregulated 
and downregulated genes.In dataset set 1, the mean-difference 
plot (Figure 2a) illustrates a wide distribution of gene expression 

Figure 2 – (a) Mean-difference (MD) plot showing differentially expressed genes (DEGs) between bile duct cancer and control 
samples. Upregulated genes are indicated in red, while downregulated genes are shown in blue. (b) Volcano plot illustrating the 
distribution of DEGs based on log₂ fold change and statistical significance. Red dots represent significantly upregulated genes, and 
blue dots represent significantly downregulated genes, as defined by |log₂FC| > 1.0 and adjusted p-value < 0.05.

Figure 3 – (a) Protein–protein interaction (PPI) network of upregulated differentially expressed genes (DEGs) from Set 1 (GSE131027) 
constructed using the STRING database and visualized in Cytoscape. Nodes represent proteins encoded by upregulated genes, 
while edges indicate predicted or experimentally validated interactions based on STRING confidence scores. (b) Protein–protein 
interaction (PPI) network of downregulated DEGs from Set 1 (GSE131027) generated using the same STRING-based approach. The 
network highlights functional connectivity and interaction patterns among downregulated genes associated with bile duct cancer.

(a) (b)
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Figure 4 – (a) Protein–protein interaction (PPI) network of upregulated differentially expressed genes (DEGs) from Set 2 (GSE107754) 
constructed using the STRING database and visualized in Cytoscape. Nodes represent proteins encoded by upregulated genes, 
while edges denote known and predicted protein–protein interactions based on STRING confidence scores. (b) Protein–protein 
interaction (PPI) network of downregulated DEGs from Set 2 (GSE107754) generated using the same STRING-based approach. The 
network illustrates interaction density and functional organization among downregulated genes associated with bile duct cancer.

Table 1 Top 15 Upregulated and Downregulated Genes in Set 1 and Set 2 Based on DEG Analysis

Set 1 (Upregulated) Set 1 (Down-regulated)

S.NO NAME RANK SCORE S.NO NAME RANK SCORE

1 TP53 1 138 1 PTPRC 1 88
2 HIST1H3F 2 84 2 TNF 2 76
3 H2AFZ 3 70 3 CD19 3 60
4 FOS 4 68 4 ACTB 4 58
5 POLR2B 5 52 5 FCER1G 4 58
6 CAV1 6 48 6 LCK 6 46
7 CS 7 46 7 IL7R 7 44
8 FEN1 8 44 8 CD2 7 44
9 NUP98 9 42 9 CD74 9 42
10 SMAD3 10 40 10 RAC2 10 38
11 RAN 10 40 11 CCL4 11 34
12 TPI1 12 38 12 HLA-DRA 11 34
13 RAC1 12 38 13 CCRL2 13 30
14 RAE1 14 36 14 CD53 13 30
15 EIF4A3 15 34 15 LAPTM5 15 26

Set 2 (Upregulated) Set 2 (Down-regulated)
S.NO NAME RANK SCORE S.NO NAME RANK SCORE
1 INS 1 94 1 VCAM1 1 10735
2 PTEN 2 84 2 HGF 2 10443
3 CDKN2A 3 54 3 INS 3 9652
4 IGF1 3 54 4 CCR2 4 8478
5 VCAM1 5 50 5 IGF1 5 8307
6 CDK4 5 50 6 ITCB1 6 8119
7 CCR2 7 48 7 NT5E 7 7383
8 HGF 7 48 8 TEK 8 5906
9 RPS2 9 44 9 CD80 9 3425
10 RPL26 9 44 10 PTEN 10 2680
11 RARA 9 44 11 BDNF 11 1745
12 BDNF 9 44 12 FLT4 12 1563
13 NT5E 9 44 13 CCR5 13 1139
14 CD80 14 42 14 TNFSF13B 14 930
15 H2AC8 15 40 15 TNFRSF1B 15 928

The table lists the top 15 upregulated and downregulated genes identified in Set 1 and Set 2, ranked by their respective scores. The scores 
reflect the significance or impact of each gene based on expression analysis. Notably, genes such as TP53, INS, PTEN, and VCAM1 appear 
prominently across the datasets, indicating their potential biological relevance in the studied conditions.
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changes, with a clear separation between significantly regulated 
genes and genes showing no significant variation. Dataset set 2 
is represented using a volcano plot (Figure 2b), which highlights 
genes exhibiting both high statistical significance and large 
magnitude changes in expression.

Overall, the DEG profiles of the two datasets showed 
comparable patterns of differential regulation, indicating 
consistent transcriptomic dysregulation associated with 
cholangiocarcinoma across independent datasets.

Identification of genes from the STRING interactions
To identify key interaction patterns among differentially 

expressed genes, protein–protein interaction (PPI) networks were 
constructed using the STRING database for both upregulated and 
downregulated gene sets from the two datasets. The STRING-
derived networks for Set 1 are shown in Figures 3a and3b, while 
the corresponding upregulated and downregulated networks for 
Set 2 are illustrated in (Figures 4a and 4b).

For Set 2, the upregulated PPI network exhibited an average 
node degree of 5.58 and an average local clustering coefficient of 
0.3444, whereas the downregulated network showed an average 
node degree of 3.87 and an average local clustering coefficient 
of 0.339. In Set 1, the upregulated network had an average 
node degree of 4.32 and an average local clustering coefficient 
of 0.385, while the downregulated network demonstrated an 
average node degree of 3.12 and an average local clustering 
coefficient of 0.358.

In these networks, nodes represent proteins encoded by 
individual gene loci, with splice isoforms and post-translationally 
modified forms combined into a single node. Edges represent 
functional protein–protein associations curated by STRING, 
with confidence scores categorized as low (0.150), medium 
(0.400), high (0.700), and highest (0.900).

Identification of Top hub genes from the STRING 
networks

Table 1 summarizes the top 15 hub genes identified from 

the two gene expression datasets (Set 1 and Set 2) based on 
CytoHubba ranking scores derived from the STRING protein–
protein interaction networks. These hub genes represent highly 
connected nodes within the networks, indicating their central 
positions in the interaction architecture. 

In Set 1, genes such as TP53, HIST1H3F, H2AFZ, FOS, 
and POLR2B consistently ranked among the top hub genes in 
both upregulated and downregulated networks, reflecting their 
high network connectivity across different regulatory contexts. 
The ranking patterns suggest differential expression dynamics 
rather than binary on–off regulation.

In Set 2, the distribution of hub genes showed greater 
separation between upregulated and downregulated categories. 
Genes including INS, PTEN, CDKN2A, and IGF1 ranked highly 
in the upregulated network, while VCAM1, HGF, and CCR2 
were among the top-ranked genes in the downregulated network.

The STRING-derived interaction networks for Set 1 and 
Set 2 are illustrated in Figures 4 and 5. The upregulated and 
downregulated hub gene networks for Set 1 consisted of 15 
nodes with 50 and 74 edges, respectively (Figure 5a–b). For Set 
2, the upregulated and downregulated networks comprised 15 
nodes with 43 and 33 edges, respectively (Figure 6a–b). These 
hub genes were subsequently used for functional enrichment 
analysis using ClueGO.

Exploration of pathway and GO functional correlation 
using Cluego analysis

We have used the ranks of hub genes and placed them in 
the Cluego analysis to perform the pathways and GO functional 
correlation. Cytoscape has five databases for pathways 
analysis: Bio Carta, Elsevier pathway, KEGG, Reactome, and 
Wikipathway. Where set 1 upregulated and down-regulated 
clue consists of 34 nodes and 109 edges, as shown in Fig. 7(a). 
Set 2 upregulated clue consists of 34 nodes and 109 edges, 
shown in Fig. 7(b). Set 2 down-regulated clue contains 107 
nodes and 236 edges, as shown in Fig. 8 (a, b). Fig. 7 (a, b) 
illustrates functional enrichment networks derived from Gene 

Figure 5 – (a) Hub gene interaction network of upregulated differentially expressed genes (DEGs) from Set 1 (GSE131027) identified 
using the CytoHubba plugin in Cytoscape. (b) Hub gene interaction network of downregulated DEGs from Set 1 (GSE131027) 
identified using the same CytoHubba criteria. Highly connected nodes indicate key regulatory genes potentially involved in immune 
signaling, inflammation, and tumor-related pathways in bile duct cancer.
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Ontology analysis, comparing biological processes for Set 
1 in Panel A and Set 2 in Panel B. Variations in gene cluster 

frequencies are represented by colored nodes categorized by 
functional features, including miRNA transcription (magenta), 

Figure 6 – (a) Hub gene interaction network of upregulated differentially expressed genes (DEGs) from Set 2 (GSE107754) identified 
using the CytoHubba plugin in Cytoscape. Hub genes were ranked based on network topological parameters, including Degree 
and BottleNeck algorithms. (b) Hub gene interaction network of downregulated DEGs from Set 2 (GSE107754) identified using the 
same CytoHubba criteria.

Figure 7 – (a) Set 1 top upregulated hub genes visualized as a functionally grouped network, highlighting significant Gene Ontology 
(GO) biological processes and molecular functions. (b) Set 1 top downregulated hub genes represented as a ClueGO network 
showing enriched GO terms predominantly associated metabolic process and cellular components.

Figure 8 – (a) Set 2 top upregulated hub genes showing significantly enriched Gene Ontology (GO) terms, with dominant functional 
clusters related to metabolic process. (b) Set 2 top down-regulated hub genes illustrating enriched GO biological processes, 
molecular functions and cellular components.
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reactive nitrogen species metabolism (dark blue), RNA export 
(gray-green), platelet granules (aqua), and N-acetyltransferase 
activity (green). The network lets users discern that nodes 
expand proportionately to word relevance or gene count while 
edges connect functional and hierarchical relationships among 
GO terms. Panel A's primary cluster (Set 1) centers on "positive 
regulation of miRNA transcription," illustrating a significant 
amplification of miRNA regulatory mechanisms. The procedures 
activate gene silencing post-transcription and regulate gene 
expression in response to cellular stimuli. A considerable 
quantity of "reactive nitrogen species" molecular constituents 
arises alongside "positive regulation of miRNA transcription" as 
primary clusters indicative of active oxidative/nitrosative stress 
responses. Despite the limited connections between RNA export 
from the nucleus and the actions of platelet alpha granules and 
arylamine N-acetyltransferase, they signify distinct biological 
processes regulated within this dataset.

The "positive regulation of miRNA transcription" hub 
is central in the results of Set 2, mirroring its position in Set 
1, indicating the continued significance of miRNA-mediated 
gene regulation across datasets. The "reactive nitrogen species 
metabolic process" cluster in Set 2 functions as an integrated 
system with numerous interrelated processes, in contrast to Set 
1, indicating its potential as a chronic or systemic oxidative stress 
response. The "arylamine N-acetyltransferase activity" node is 
more prominent in Set 2, suggesting its role in detoxification 
or drug metabolism under specific testing settings. The "platelet 
alpha granule" pathway persists in analysis, exhibiting varying 
degrees of significance relative to the initial configuration, while 
"RNA export from nucleus" functions similarly with negligible 
alterations.

Fig. 8 (a, b) illustrates GO term-based functional 
enrichment network maps for Set 1 (Panel A) and Set 2 (Panel 
B) gene groups, highlighting the biological processes and 
molecular activities associated with differentially expressed 
genes. Colored nodes depict distinct GO terms, while edges 
illustrate functional linkages and hierarchical connections 
between these terms. The illustration depicts various biological 
activities represented by colored pathways: magenta for miRNA 
transcription, dark blue for reactive nitrogen species metabolism, 

green for N-acetyltransferase activity, cyan for platelet alpha 
granule, and olive for RNA export from the nucleus.

The primary cluster identified in Panel A (Set 1) emphasizes 
"positive regulation of miRNA transcription," highlighting the 
importance of miRNA synthesis in post-transcriptional regulation 
for the examined biological situation. Set 1 genes significantly 
influence RNA-mediated gene expression modulation, 
which appears to be triggered by cellular stress signals and 
differentiation cues. The phrases "arylamine N-acetyltransferase 
activity," "platelet alpha granule," and "RNA export from 
nucleus" represent disparate categories, signifying varied 
physiological activities encompassing metabolic detoxification, 
vesicle formation, and mRNA transport.

This panel illustrates analogous functional groupings that 
exhibit changes in network architectural relationships relative 
to the initial set. A prominent cluster of "positive regulation of 
miRNA transcription" links both Set 1 and Set 2. However, the 
"reactive nitrogen species metabolic process" exhibits more 
significant divergence from the central network in this panel. 
The setup of Set 2 displays indicators for specific oxidative 
processes. The N-acetyltransferase activity and platelet-related 
granule pathways are present in Set 2, although their connection 
patterns vary, indicating distinct functional regulators that 
modify their activation patterns.

Determination of gene ontology using BINGO 
The GO enrichment analysis via BiNGO reveals biological 

processes associated with the upregulated genes in set 2, as 
illustrated in Fig. 9. The GO network, utilizing STRING network 
data, illustrates functional associations among differentially 
expressed genes throughout biological pathways. Each network 
node displays a GO word that connects to several associated 
genes, with node size and yellow hue indicating statistically 
significant relationships. The hierarchical structure in the 
network is illustrated by arrows indicating that subordinate parts 
transmit data to overarching parent portions. Several significant 
GO keywords are prominent in the network, including "positive 
regulation of the biological process," "positive regulation of the 

Figure 9 – The network depicts significantly overrepresented Gene Ontology (GO) biological process terms associated with Set 2 
upregulated hub genes. Major enriched categories include biological process, biological regulation, regulation of biological process, 
regulation of cellular process, and homeostatic process.
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cellular process," and "homeostatic process." The GO keywords 
suggest that the genes in set 2 facilitate biological functions 
and sustain operational stability within cellular systems. The 
relationships between the nodes "regulation of biological process" 
and "biological regulation" culminate in the broader category 
"biological process," signifying their significant regulatory 
mechanisms inside cellular contexts that encompass the genes 
from set 2. The enrichment analysis failed to uncover any GO 
pathways associated with the downregulated genes in set 2. The 
deficiency of genetic annotations suggests that many down-
regulated genes and their related proteins remain unrecognized, 
as no existing studies link them to biological processes. These 
genetic components suggest potential discoveries as they exist 
outside traditional databases despite their possible significance 
in context-specific biological responses. The Functional 
analysis pathway table was given10 in Supplementary tables 1  
and 2.

Identification of Hub Genes from DEG and PPI 
Network Analysis

Differential expression analysis of the two GEO datasets 
(Set 1 and Set 2) identified more than 1,000 significantly 
differentially expressed genes (DEGs) in each dataset based on 
the applied statistical thresholds. To further prioritize genes with 
potential regulatory importance, protein–protein interaction 
(PPI) networks were constructed using the STRING database, 
and hub genes were identified using the CytoHubba plugin in 
Cytoscape. Table 1 summarizes the top 15 upregulated and 
downregulated hub genes identified from each dataset based 
on network topological scoring. In Set 1, TP53 emerged 
as the highest-ranked hub gene among upregulated genes, 
followed by HIST1H3F, H2AFZ, FOS, POLR2B, and CAV1, 
indicating their strong connectivity and central roles within 
the interaction network. These genes are primarily associated 
with transcriptional regulation, chromatin organization, stress 
response, and signal transduction. The downregulated hub genes 

in Set 1 included immune- and signaling-related genes such 
as PTPRC, TNF, CD19, and LCK, suggesting alterations in 
immune-associated pathways in bile duct cancer.

In Set 2, hub gene analysis revealed prominent enrichment 
of genes involved in metabolic regulation and growth factor 
signaling. INS, PTEN, CDKN2A, and IGF1 were identified 
among the top upregulated hub genes, while VCAM1, HGF, 
CCR2, and NT5E were among the most strongly downregulated 
genes. Notably, some genes such as INS, IGF1, PTEN, and 
VCAM1 appeared in both upregulated and downregulated lists, 
reflecting context-dependent regulation across different sample 
groups within the dataset.

Overall, the hub gene profiles differed between Set 1 and 
Set 2, likely reflecting differences in dataset composition and 
biological context. Nevertheless, several genes with known 
roles in tumor suppression, epigenetic regulation, and oncogenic 
signaling consistently ranked highly, supporting their potential 
relevance in cholangiocarcinoma biology and justifying their 
further functional interpretation.

Discussion
In the present study, an integrative bioinformatics 

framework was applied to identify key hub genes and 
functionally enriched biological pathways associated with 
cholangiocarcinoma using publicly available Gene Expression 
Omnibus (GEO) datasets. By integrating differential gene 
expression analysis with protein–protein interaction (PPI) 
network construction and hub gene prioritization, this study 
aimed to uncover genes with potential regulatory significance in 
bile duct cancer pathogenesis.

Among the identified hub genes, TP53 consistently 
ranked as the most central node across both datasets. TP53 
is a well-established tumor suppressor gene involved in cell 
cycle regulation, apoptosis, and maintenance of genomic 
stability, and its dysregulation has been frequently reported 

Figure 10 – (a) Venn diagram showing the overlap of upregulated DEGs between GSE107754 and GSE131027, with 60 genes 
commonly upregulated in both datasets. (b) Venn diagram illustrating the overlap of downregulated DEGs between GSE107754 and 
GSE131027, identifying 68 commonly downregulated genes. (c) Hierarchical clustering heatmap of the common DEGs, displaying 
their expression patterns across samples; red indicates higher expression levels and blue indicates lower expression levels, as shown 
by the color scale.



20
Journal of Clinical Medicine of Kazakhstan: 2026 Volume 23, Issue 3

in cholangiocarcinoma. The prominent network centrality of 
TP53 observed in this study further supports its pivotal role in 
bile duct cancer pathogenesis. Previous studies have reported 
that alterations in TP53 are associated with aggressive tumor 
behavior, poor prognosis, and increased tumor mutation burden 
in intrahepatic cholangiocarcinoma, further highlighting its 
relevance in bile duct cancer biology [31]

In addition to TP53, SMAD3 emerged as a highly 
connected hub gene, underscoring the importance of the 
transforming growth factor-β (TGF-β) signaling pathway in 
cholangiocarcinoma. SMAD3 functions as a key intracellular 
mediator of TGF-β signaling and has been shown to promote 
epithelial–mesenchymal transition (EMT), tumor invasiveness, 
and metastatic dissemination in bile duct cancer. Experimental 
studies have demonstrated that suppression of SMAD3 
phosphorylation attenuates EMT and inhibits tumor progression, 
highlighting the oncogenic role of aberrant TGF-β1/SMAD3 
activation in cholangiocarcinoma [32]. The identification of 
SMAD3 as a hub gene in our network analysis further supports 
its biological relevance in disease progression.

We propose that the HSP module maintains proteostasis 
by improving the structural integrity of proteins necessary 
to oncogenic proteins. Many genes are upregulated and 
downregulated. In this study, HSP significantly contributes to 
oncogenesis via homologous recombination repair. In our study, 
several key genes implicated in thermoresistance were marked 
overexpressed in tumors of different tissues. Moreover, the 
expression patterns of the thermogenesis like TP53, HIST1H3F, 
H2AFZ, FOS, POLR2B, CAV1, CS, FEN1, NUP98, SMAD3, 
RAN, TPI1, RAC1, RAE1, EIF4A3 these are the top upregulated 
genes which shows the positively correlated in diverse types 
of the bile duct cancer [33–42]. Histone-related genes such as 
HIST1H3F and H2AFZ were also identified among the hub 
genes, indicating that alterations in chromatin organization and 
transcriptional regulation may contribute to the abnormal gene 
expression landscape observed in cholangiocarcinoma. These 
findings are consistent with previous reports highlighting the 
importance of epigenetic dysregulation in biliary tract cancers.

Caveolin-1 (CAV1) was another prominent hub gene 
identified in this study, highlighting the contribution of tumor–
stromal interactions to cholangiocarcinoma progression. 
Previous investigations have demonstrated that elevated 
CAV1 expression in cancer-associated fibroblasts correlates 
with poor overall and recurrence-free survival in intrahepatic 
cholangiocarcinoma. Mechanistically, CAV1-positive fibroblasts 
promote an immunosuppressive tumor microenvironment by 
enhancing regulatory T-cell infiltration and impairing effective 
anti-tumor immune responses. These findings suggest that 
CAV1 contributes to disease aggressiveness through modulation 
of stromal signaling and immune regulation, supporting its 
potential value as both a prognostic biomarker and a therapeutic 
target.

The transcription factor FOS, a core component of the 
activator protein-1 (AP-1) complex, was also identified as a 
central hub gene. AP-1 regulates gene expression programs 
involved in cell proliferation, apoptosis, stress responses, and 
oncogenic transformation. Integrative epigenomic profiling 
studies have demonstrated that AP-1 binding sites are enriched 
in regions exhibiting altered histone modifications in intrahepatic 
cholangiocarcinoma, indicating a critical role for FOS-mediated 
transcriptional regulation. Dysregulation of AP-1 components, 
including FOS, has been associated with tumor progression and 

unfavorable clinical outcomes, supporting its biological and 
prognostic relevance in bile duct cancer [43]. 

In one dataset, genes involved in metabolic and growth 
factor signaling, including INS, IGF1, and PTEN, were identified 
as hub genes. However, as this dataset represents a broader 
pan-cancer cohort, the involvement of these genes may reflect 
tissue-contextual or systemic regulatory effects rather than 
cholangiocarcinoma-specific oncogenic drivers. Consequently, 
these findings should be interpreted with caution and require 
further experimental validation to establish their disease-specific 
relevance.

Functional enrichment analysis using ClueGO and 
BiNGO revealed that the identified hub genes were significantly 
associated with biological processes related to transcriptional 
regulation, oxidative and nitrosative stress responses, RNA 
processing, and intracellular transport. These processes have 
been previously implicated in cancer initiation and progression 
and support the biological plausibility of the identified gene 
networks. Overall, the integration of network-based hub gene 
identification with functional enrichment analysis provides 
a systems-level perspective on the molecular mechanisms 
underlying cholangiocarcinoma and highlights potential targets 
for future therapeutic exploration. Hierarchical clustering 
heatmap analysis of the common differentially expressed genes 
(DEGs) demonstrated distinct expression profiles between 
the sample groups. The consistent clustering pattern indicates 
robust differential expression and supports the reliability of the 
identified DEGs across datasets was shown in Fig. 10.

The hub genes identified in this study provide important 
biological insights into the molecular mechanisms underlying 
bile duct cancer progression. TP53 emerged as the most 
significant hub gene, reaffirming its critical role in regulating cell 
cycle control, DNA repair, and apoptosis, with its dysregulation 
contributing to genomic instability in cholangiocarcinoma 
[10,11]. Epigenetic regulators such as HIST1H3F and H2AFZ 
suggest that chromatin remodeling and transcriptional 
reprogramming are central to tumor development  [44,45]. 
FOS links chronic inflammation to oncogenic signaling, while 
POLR2B reflects increased transcriptional activity in malignant 
cells. Additionally, CAV1 and SMAD3 implicate tumor–stroma 
interactions, TGF-β signaling, and epithelial–mesenchymal 
transition in disease progression  [46–49].

Our study highlights key differentially expressed and 
hub genes potentially involved in bile duct cancer progression, 
providing insights into its molecular mechanisms. By integrating 
two independent GEO datasets, we enhanced the robustness 
of our findings. However, the sample size remains limited, 
which may reduce statistical power and limit representation of 
molecular heterogeneity across diverse patient populations and 
clinical subtypes. The analyses were entirely computational, 
and experimental validation of the identified genes was not 
performed. Therefore, the biological functions and clinical 
relevance of these hub genes require confirmation through 
in vitro and in vivo experiments, including quantitative PCR, 
protein expression studies, and functional assays.

Protein–protein interaction networks were constructed 
using the STRING database, which combines experimentally 
validated and predicted interactions. While this approach 
offers a systems-level perspective, it may introduce biases 
due to incomplete annotations, potential false positives, and 
lack of tissue- or disease-specific context, warranting cautious 
interpretation of network relationships. Furthermore, clinical 
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