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Background: Inflammatory bowel disease (IBD) is a common chronic inflammatory illness affecting the gastrointestinal tract.
Cholangiocarcinoma (CCA) comprises a group of highly heterogeneous cancers originating from the biliary tract. Epidemiological
evidence suggests a positive correlation between IBD and CCA. However, the pathological mechanisms are unestablished. This
research aimed to identify common biomarkers and immune infiltration features in IBD and CCA to support early detection and
development of targeted therapies.

Methods: Based on transcriptomic data from the GEO and TCGA databases, candidate genes were obtained by integrating
differentially expressed genes (DEGs) with key modules derived from weighted gene co-expression network analysis (WGCNA).
Hub genes were subsequently screened using four machine learning algorithms. A comprehensive validation of the hub genes (LCN2
and DUOX2) was performed through receiver operating characteristic (ROC) curve analysis, survival analysis, immune infiltration
profiling (CIBERSORT), and drug sensitivity assessment.

Results: By overlapping DEGs with key WGCNA modules, thirteen candidate genes were obtained. Eight common hub genes
(CCL11, CCL20, DUOX2, DUOXA2, LCN2, NOS2, PDZKIIPI, and TRIM40) were ultimately selected through integrated ML
approaches. ROC analysis demonstrated that LCN2 and DUOX2 exhibited excellent diagnostic performance for both IBD and
CCA, as reflected by high area under the curve values.

Conclusion: This research confirmed that LCN2 and DUOX?2 are key shared genes in the comorbidity of IBD and CCA. It also
highlighted the distinct immune infiltration features between the two diseases. These findings provide novel perspectives on the
pathogenesis of IBD and CCA, thereby offering a basis for early screening of CCA in individuals with IBD.
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Introduction

Inflammatory bowel disease (IBD) is a chronic inflammatory condition primarily affecting the gastrointestinal
tract. The most commonly affected areas are the ileum, rectum, and colon. Clinically, IBD is marked by symptoms
such as abdominal pain and diarrhea, with hematochezia occurring in severe cases. IBD is classified into two
major subtypes: Crohn’s disease (CD) and ulcerative colitis (UC). UC is characterized by continuous inflammation
of the mucosal and submucosal layers that is confined to the colon. The inflammation typically begins in the
rectum and gradually extends proximally to involve the entire colon. CD, in contrast, can influence the entire

gastrointestinal tract in a discontinuous pattern and involves all layers of the intestinal wall. The most commonly
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affected sites are the terminal ileum, colon, and perianal region. Currently, IBD pathogenesis is widely believed to
result from a multifactorial interplay involving genetic susceptibility, environmental exposures, gut microbiota
dysbiosis, and immune dysregulation.' Cholangiocarcinoma (CCA) refers to a group of highly heterogeneous
cancers originating from the biliary tract. Based on anatomical location, CCA is divided into intrahepatic (iICCA),
perihilar (pCCA), and distal (dCCA) subtypes.* Notably, the early stages of CCA are typically asymptomatic,
and about 70% of cases are diagnosed at an advanced stage, leading to a five-year survival rate below 20%.°®

The incidence of CCA among individuals with IBD ranges from 0.5% to 1.0%,’ with a nearly fourfold higher
risk in comparison to the general population.'®!'! Moreover, individuals with IBD tend to develop intrahepatic rather
than extrahepatic CCA.'? Recent epidemiological research reveals a strong relationship between IBD and hepato-
pancreatobiliary carcinoma.'*'* A 2022 Nordic multicenter cohort study of 141,960 IBD patients provided compel-
ling evidence of this relationship. The study reported that IBD patients with concurrent primary sclerosing
cholangitis (PSC) had a 140-fold greater risk of CCA. Even those without PSC exhibited a 2.5-fold increased risk
compared to the general population.'” These findings underscore the clinical relevance of elucidating the indepen-
dent mechanisms linking IBD and CCA. Current evidence suggests that a sequential “inflammation-dysplasia-
carcinoma” process may serve as a shared pathological basis of the two diseases. However, the specific molecular
mechanisms are still unclear.

Importantly, the incidence of IBD has been rising steadily in China in recent years.'® Moreover, individuals with IBD
exhibit an elevated risk of death in comparison to the general population, with a standardized mortality ratio of 2.0 reported
for CD.'” CCA presents distinct epidemiological features in the Asia-Pacific region. In certain regions of countries such as
China and South Korea, the incidence of CCA exceeds 6 per 100,000 population.'® Although international guidelines
recommend annual hepatobiliary cancer surveillance in individuals with PSC-IBD,’ robust evidence-based strategies for
monitoring individuals with non-PSC IBD are scarce. The association between IBD and CCA is rooted in the classic
sequence of “inflammation-dysplasia-carcinoma”, which is driven by chronic inflammation.'® In this process, dysregulation
of the immune microenvironment plays a central role. Persistent inflammation and repair in IBD lead to an immune
imbalance whose features show remarkable similarity to the immunosuppressive state in the CCA tumor microenvironment.
This includes the enrichment of M2 macrophages and T cell exhaustion.””** These shared immune infiltration patterns
strongly suggest that abnormal immune regulation is a critical pathway connecting the two diseases. Elucidating this shared
molecular and immunological basis will provide a key theoretical foundation for developing early screening strategies for
CCA in IBD patients. Given this context, the present research integrated multi-omics analysis methods to comprehensively
examine the shared molecular features of IBD and CCA. By incorporating weighted gene co-expression network analysis
(WGCNA), differential gene expression analysis, and immune microenvironment profiling, this study aims to offer
molecular insights into early detection of CCA in patients with IBD.

Materials and Methods

Preprocessing of Bulk Transcriptomic Data

For the IBD group, the training dataset included 455 normal control samples and 1151 IBD samples from GSE193677.
Validation datasets included 18 IBD and 6 healthy samples from GSE16879, 140 IBD and 26 healthy samples from
GSE112366, and 67 IBD and 11 healthy samples from GSE75215. For the CCA group, the training dataset comprised 30
CCA and 27 normal samples from GSE107943, as well as 35 CCA and 9 normal samples from the TCGA-CHOL
database. The validation dataset included 16 CCA and 7 normal samples from GSE32879 (Table 1).

All transcriptomic data were normalized using the log,(X+1) transformation. Batch effects were removed through the
Surrogate Variable Analysis (SVA) algorithm, and datasets were subsequently integrated to construct the following
combined datasets: (i) IBD merge data, comprising samples from GSE16879, GSE112366, and GSE75215; (ii)
CCA_merge data, comprising samples from GSE107943 and TCGA-CHOL.
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Table | Dataset Information

Dataset Disease Group | Normal Control Group | Purpose
GSE193677 | 1,151 IBD cases | 455 healthy controls Training set
GSEI07943 | 30 CCA cases 27 healthy controls Training set
TCGAdata | 35 CCA cases 9 healthy controls Training set
GSE 16879 18 IBD cases 6 healthy controls Validation set
GSEI12366 | 140 IBD cases 26 healthy controls Validation set
GSE75214 67 IBD cases I'l healthy controls Validation set
GSE32879 16 CCA cases 7 healthy controls Validation set

Identification of Differentially Expressed Genes (DEGs)

The Limma package was utilized to carry out differential expression analysis. The threshold criteria were set at adjusted
p-value < 0.05 and |log fold change | > 0.585. P-values were adjusted for multiple testing using the Benjamini—Hochberg
procedure.

Weighted Gene Co-Expression Network Analysis (WGCNA)

The WGCNA package in R was utilized to establish a weighted gene co-expression network based on the merged
dataset.* The “goodSampleGenes” function was employed to estimate data integrity. The optimal soft-thresholding
power was confirmed using the “PickSoftThreshold” function. The relationship between gene modules and clinical traits
was evaluated using phenotypic data.

Machine Learning (ML) Algorithms for Identifying Potential Diagnostic Biomarkers
Four ML algorithms were applied to discover candidate diagnostic biomarkers in IBD and CCA: random forest (RF),*
logistic regression (LR),? least absolute shrinkage and selection operator (LASSO) regression,”’ and support vector
machine-recursive feature elimination (SVM-RFE).”® RF was implemented via the “randomForest” package, LR and
LASSO via the “glmnet” package, and SVM-RFE through the “msvmRFE” package. Genes were ranked based on the
decrease in Gini index using the RF algorithm, and the top 10 genes with a significance score greater than 3 were selected
for downstream analysis. In the LR model, gene expression was analyzed as a continuous variable, while sample type
served as a binary response variable. Five-fold cross-validation was employed to estimate the misclassification error of
candidate models and to confirm the optimal lambda (A). The A parameter in the LASSO model was used to select the
minimal number of predictive variables. The SVM-RFE algorithm was employed to generate a gene ranking list, and the
best-performing subset was selected using a linear kernel. The intersecting results from RF, LR, SVM-RFE, and LASSO
were defined as the hub genes for IBD and CCA, respectively. The overlapping hub genes between the two diseases were
considered shared diagnostic biomarkers for IBD and CCA patients. The diagnostic performance of these genes for IBD
and CCA was appraised through receiver operating characteristic (ROC) curve analysis. Their diagnostic accuracy was
confirmed by external validation datasets.

Single-Gene Gene Set Enrichment Analysis (GSEA)

The functional relevance of key genes was examined by single-gene GSEA. By identifying significantly enriched
pathways in the datasets, this analysis elucidated the biological processes potentially regulated by the genes involved.
Enrichments with p-values below 0.05 were deemed statistically significant, indicating gene involvement in critical
pathophysiological mechanisms underlying IBD and CCA.

Prognostic Evaluation of Hub Genes in CCA Patients

Individuals with CCA were stratified into high- and low-expression groups according to the optimal cut-off values of hub
gene expression. The prognostic significance of the identified genes was appraised through Kaplan—Meier (K-M) survival
analysis.
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Immune Infiltration and Correlation Analysis

CIBERSORT, a tool for estimating the relative proportions of immune cell subsets based on bulk RNA transcriptomic
data, and the Immuno-Oncology Biological Research tool were employed to investigate immune cell infiltration in IBD
and CCA. Subsequently, Spearman correlation analysis was carried out to examine the relationships between immune
cells and the expression levels of hub genes.

Drug Sensitivity Analysis

Data on anticancer drug responses and genomic sensitivity markers were obtained from the Genomics of Drug Sensitivity
in Cancer database,” one of the largest publicly available resources for information on drug sensitivity and molecular
biomarkers of drug response in cancer cells. The pRRophetic algorithm was employed to calculate the half-maximal
inhibitory concentration (IC50) values based on CCA data to predict patients’ sensitivity to common anticancer drugs and
small molecule compounds. Pearson correlation coefficients were calculated to examine the relationships between drug
sensitivity and hub gene expression. The results were visualized via grouped comparison plots and dot-line graphs.

Validation in Clinical Samples

Ten patients were recruited from the Department of Gastroenterology at Wuxi Second People’s Hospital, including five
patients with colonic polyps and five with IBD. Inclusion criteria included: (i) participants aged >18 years who offered
written informed consent; (ii) diagnosis confirmed based on clinical symptoms, laboratory tests, endoscopy, imaging
examinations, and histopathological findings in accordance with the World Health Organization (WHO) diagnostic
criteria for IBD. Exclusion criteria encompassed: (i) severe complications, including toxic megacolon or intestinal
perforation; (ii) suspected malignancy; (iii) presence of autoimmune diseases, including systemic lupus erythematosus,
psoriasis, theumatoid arthritis, or Graves’ disease. The normal control group included individuals aged >18 years who
had provided written informed consent and underwent colonoscopy for polyp screening. Normal colonic tissue samples
(2-3 pieces per individual) were collected. These individuals had no familial relationship with the case group and
exhibited no abnormalities in complete blood count or biochemical tests.

In addition, three CCA tumor tissues and adjacent non-tumor tissues were extracted from patients at the Department
of Hepatobiliary Surgery, Wuxi Second People’s Hospital. The inclusion criteria were individuals with a confirmed
diagnosis of CCA based on imaging and pathological findings. Individuals with chronic hepatobiliary diseases or
malignancies other than CCA were excluded. This study was carried out following the principles of the Declaration of
Helsinki and obtained approval from the Medical Ethics Committee of Wuxi Second People’s Hospital. All recruited
individuals were informed of the research and provided written informed consent.

Total RNA was extracted from CD, colonic polyp, CCA tissues, as well as adjacent non-tumor tissues using TRIzol
reagent (Invitrogen, Carlsbad, CA, United States). The HiScript II RT SuperMix (Nanjing Jiancheng, Nanjing, China)
was used for reverse transcription following the instructions provided by the manufacturer. Quantitative real-time PCR
(qPCR) was carried out via ChamQ Universal SYBR qPCR Master Mix (Vazyme, Nanjing, China). Each experiment was
conducted in triplicate. The 2"~AACt method was utilized to calculate relative gene expression, with GAPDH as the
internal reference. Table 2 lists the primer sequences.

Table 2 Gene Primer Sequences

Gene (Human) | Sequence

GADPH Forward: CAATGACCCCTTCATTGACC
Reverse: GACAAGCTTCCCGTTCTCAG

LCN2 Forward: CTGAGTGCACAGGTGCCG
Reverse: AGCTCCCTCAATGGTGTTCG

DUOX2 Forward: CCATGGCAGCTATGCTCTGA

Reverse: CACCAGCTTGTCACCTCCAT
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Results

Identification of DEGs in IBD and CCA

Batch effects in the combined datasets, namely CCA merge data (integrating GSE107943 and TCGA) and
IBD merge data (integrating GSE16879, GSE112366, and GSE75215), were removed using the “sva” package.
Normalization was conducted via the “limma” package (Figures 1A—H).

A total of 209 DEGs were obtained from the IBD dataset, encompassing 162 upregulated and 47 downregulated
genes (Figure 2A). Heatmaps of the top 20 significantly upregulated and downregulated genes in this dataset were also
generated (Figure 2B). Meanwhile, 10,968 DEGs were collected from the CCA dataset, including 6,077 upregulated and
4,891 downregulated genes (Figure 2C). Heatmaps of the top 20 significantly upregulated and downregulated genes in
this dataset were also generated (Figure 2D). Additionally, 50 overlapping DEGs were identified between the IBD and
CCA datasets, encompassing 34 upregulated and 16 downregulated genes (Figures 2E and F).

WGCNA in IBD and CCA

WGCNA was carried out on both the IBD and CCA datasets to examine the relationships between clinical traits and gene
expression. No significant outlier samples were identified in either dataset. According to the WGCNA algorithm, the
optimal soft-thresholding powers were 21 for the IBD dataset and 7 for the CCA dataset (Figure 3A and B). Based on
module similarity, four modules were identified in the IBD dataset and five in the CCA dataset (Figure 3C and D).
Module-trait correlation analysis was subsequently conducted. In the IBD dataset, the grey module demonstrated the
most significant positive relationship with IBD (r = 0.11, p < 0.05), while in the CCA dataset, the blue module
demonstrated the most significant positive relationship with CCA (r = 0.89, p < 0.05) (Figure 3E and F). Ultimately,
13 overlapping genes were obtained by intersecting DEGs with key WGCNA modules. These genes may contribute to
the pathogenesis of IBD and CCA (Figure 3G).

Identification and Validation of Shared Hub Genes via ML

Feature selection was performed based on ML algorithms to further discover the most diagnostically relevant genes.
Among the 13 candidate genes, LASSO regression selected 8 genes (Figure 4A and B), SVM-RFE identified 10 genes
(Figure 4C and D), and LR selected genes with p < 0.05 (Figure 4E). RF ranked the top 30 genes by importance score
(Figure 4F and G). Ultimately, eight common diagnostic biomarkers were identified: CCL1I, CCL20, DUOX2, DUOXA2,
LCN2, NOS2, PDZK1IP1, and TRIM40 (Figure 4H).

Furthermore, ROC curves (Figure 5) were utilized to appraise the diagnostic value of the hub genes across different
datasets (Figure SA and B). In the IBD dataset, the areas under the curve (AUC) were as follows: CCL11 (0.68), CCL20
(0.61), DUOX2 (0.74), DUOXA2 (0.75), LCN2 (0.71), NOS2 (0.72), PDZK1IP1 (0.64), and TRIM40 (0.66) (Figure 5A).
In the CCA dataset, the corresponding AUCs were: CCL11 (0.70), CCL20 (0.85), DUOX2 (0.78), DUOXA2 (0.74), LCN2
(0.79), NOS2 (0.64), PDZK1IP1 (0.93), and TRIM40 (0.74) (Figure 5B). Among these, LCN2, DUOX2, and DUOXA?2
showed AUCs greater than 0.7. Boxplots demonstrated that these three diagnostic biomarkers were notably upregulated
in the disease groups within the IBD and CCA training cohorts (Figure 5C-D), indicating their strong diagnostic
potential as biomarkers for IBD and CCA.

In the IBD validation datasets, DUOX2 (AUC = 0.88), DUOXA2 (AUC = 0.87), and LCN2 (AUC = 0.90) were
identified (Figure 6A). In the CCA validation cohort (GSE32879), the corresponding AUCs were 0.88 for DUOX2, 0.63
for DUOXA2, and 0.88 for LCN2 (Figure 6B). Among these, DUOX2 and LCN2 demonstrated AUCs greater than 0.8,
whereas DUOXA2 showed an AUC below 0.7 in the CCA validation cohort (Figure 6B). Boxplots demonstrated that
DUOXA2 and LCN2 exhibited expression patterns in the disease groups consistent with those observed in the training
sets. However, DUOXA?2 did not show a significant difference in the CCA validation cohort (Figures 6C and D).

Single-Gene GSEA

After identifying DUOX2 and LCN?2 as potential diagnostic biomarkers, we performed single-gene Gene Set Enrichment
Analysis (GSEA) to explore their potential biological functions. As shown in Figure 7, the enriched pathways were
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ranked in descending order based on their correlation with each target gene. Gene Ontology (GO) analysis revealed that
DUOX2 was significantly enriched in terms associated with immune effector processes, the adaptive immune response,
and B cell/lymphocyte-mediated immunity. Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis
demonstrated that DUOX2 was primarily enriched in the TNF signaling pathway, IL-17 signaling pathway, and cytokine—
cytokine receptor interaction pathway, among others (Figures 7A-D).

GO analysis revealed that LCN2 was significantly enriched in adaptive immune responses, particularly those
associated with B cells and immunoglobulins. These include immune effector processes, adaptive immunity, and
B-cell/lymphocyte-mediated immunity. KEGG pathway analysis identified LCN2 enrichment in the TNF and IL-17
signaling pathways, cytokine—cytokine receptor interaction, autoimmune and metabolic diseases, and infection and host
defense pathways (Figures 8A-D).

Prognostic Value of Hub Genes in CCA Patients

The relationship between the DUOX2 and LCN2 expression and overall survival (OS) in CCA patients was assessed
through K-M survival analysis. Based on the optimal cutoff values of the hub genes, individuals in the CCA cohort were
stratified into high- and low-expression groups. The results demonstrated that individuals with low expression levels of
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Note: *p < 0.05; *p < 0.01; ****p < 0.0001.

DUOX2 and LCN2 exhibited significantly better OS in comparison to those with high expression levels (p < 0.05,
Figure 9A and B).

Identification of Candidate Drugs Based on Hub Genes

Candidate drugs were screened using the Drug Signature Database®® and the “pRRophetic” R package. Drugs with an
absolute correlation coefficient greater than 0.4 and a p-value less than 0.05 were selected as potential therapies for
combined treatment of IBD and CCA (Table 3). LCN2 may participate in resistance mechanisms to multiple chemother-
apeutic agents, and its inhibition could enhance drug sensitivity. DUOX2 was potentially related to oxidative stress
pathways, with high-expression patients possibly exhibiting increased sensitivity to drugs such as PF-4708671
(Figure 10A-J).

Immune Cell Infiltration and Its Relationship with Shared Hub Genes

Immune cell abundances in each sample were systematically analyzed using CIBERSORT to examine the distribution
characteristics and potential roles of immune cells in the complex pathogenesis of IBD and CCA. Figures 11A and
B clearly display the relative abundance of 22 immune cell types in each sample from IBD and CCA patients. Detailed
comparative analysis demonstrated that M2 macrophages and resting memory CD4+ T cells accounted for a substantial
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Figure 6 ROC curves and expression of eight common diagnostic biomarkers in the validation datasets. (A) ROC curves of the eight common diagnostic biomarkers in the
IBD_merge_data cohort. (B) ROC curves of the eight common diagnostic biomarkers in the CCA-GSE32879 cohort. (C) Expression of the eight common diagnostic
biomarkers in the IBD_merge_data cohort. (D) Expression of the eight common diagnostic biomarkers in the CCA-GSE32879 cohort.

Note: *p < 0.01; ***p < 0.0001.

proportion of immune cells in both IBD and CCA patients. These findings suggested a potential shared mechanism of
immune cell infiltration in both diseases.

Based on this, further correlation analysis was carried out. The results demonstrated that in both disease datasets,
LCN2 was positively linked to regulatory T cells, MO macrophages, and follicular helper T cells. Similarly, DUOX2
exhibited a positive relationship with M0 macrophages in both datasets (Figures 11C and D).

Validation of Hub Genes in Clinical Samples

Intestinal mucosal tissues from IBD patients and normal controls, as well as CCA tissues and adjacent non-tumor tissues,
were extracted to validate the expression of hub genes in clinical samples. qRT-PCR was performed to examine the
expression of DUOX2 and LCN? in these samples. The results aligned with the previous data analysis. In comparison to
the control group, DUOX2 expression was notably upregulated. LCN2 expression was substantially increased in IBD
patients and exhibited a noticeable increasing trend in CCA patients (Figure 12A-D).

Discussion

IBD affects millions of individuals worldwide, imposing a substantial disease burden and long-term health risks.*° Its
complications, including extraintestinal manifestations and malignancies, can severely compromise patients’ quality of
life and long-term survival. Notably, accumulating clinical evidence indicates that individuals with IBD have a markedly
greater risk of CCA in comparison to the general population.'> CCA refers to a highly aggressive malignancy of the
biliary tract, often diagnosed at advanced stages and prone to metastasis. Although some patients may benefit from
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surgical or multimodal treatment, the overall prognosis remains dismal, posing a serious threat to survival.® Although
epidemiological evidence has established a relationship between IBD and CCA, specific markers for early screening
remain lacking. Given the insidious onset of CCA, many individuals are diagnosed at an advanced stage, often requiring
liver transplantation. However, the prognosis remains extremely poor, with notably decreased three-month survival rates.
Therefore, identifying early biomarkers is urgently needed. Such markers could preliminarily indicate the risk of CCA in
IBD patients, thereby guiding clinicians to perform regular biliary monitoring of high-risk individuals through imaging
techniques, including endoscopic ultrasound and magnetic resonance imaging. Early detection of lesions through this
approach could substantially lower the risk of disease progression to advanced stages and improve patient survival.®'

In this context, the present research aimed to examine the molecular mechanisms underlying the comorbidity of IBD

and CCA, with a focus on identifying early diagnostic biomarkers for IBD patients at risk of developing CCA. By
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systematically analyzing gene expression profiles and molecular interaction networks through bioinformatics, a cross-
disease gene regulatory model was established for the first time. DEG analysis was combined with WGCNA to identify
13 core regulatory genes. Subsequently, ML was applied to integrate multi-omics data, and qRT-PCR experiments
confirmed DUOX2 and LCN2 as key hub genes shared by both diseases.

DUOX?2 belongs to the nicotinamide adenine dinucleotide phosphate oxidase family. DUOX2-encoded enzyme exerts an
essential role in the iodination process of thyroid hormone synthesis by generating hydrogen peroxide (H202). DUOX?2 also
contributes to host defense in the respiratory epithelium and gastrointestinal tract by mediating the generation of reactive
oxygen species (ROS) and participating in various physiological functions.*> DUOX2 mRNA is predominantly expressed in
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the colon and is also present at lower levels in the testes, liver, kidney, prostate, pancreas, and lung.*® The regulatory role of
DUOX?2 in disease has been extensively reported. It was initially studied for its involvement in maintaining mucosal barrier
integrity and regulating innate immune responses in the gut. Subsequent research reveals that DUOX?2 is markedly upregulated
in intestinal tissues of individuals with IBD,** and that genetic alterations in DUOX2 are linked to elevated risk of Crohn’s
disease and very early-onset IBD.***° Consequently, DUOX2 has become a focus of research into the molecular mechanisms
underlying IBD pathogenesis. More recently, the involvement of DUOX2 in cancer progression has been explored. Current
evidence indicates that DUOX? is frequently overexpressed in gastrointestinal malignancies, including colorectal cancer,
where it may promote tumor development through ROS-mediated signaling pathways.>”** These findings highlight DUOX2
as a promising prognostic indicator and potential therapeutic target (such as selective DUOX2 inhibitors).>® Nonetheless, the
exact molecular mechanisms by which DUOX? contributes to specific diseases, especially CCA, remain unclear and warrant
further functional investigation.

LCN2, a member of the lipocalin protein superfamily, regulates iron metabolism, inflammation, and immune homeostasis
by binding siderophores.** LCN2 expression is inflammation-dependent: under physiological conditions, its expression
remains low, but it is markedly upregulated in response to inflammatory stimuli, such as in IBD. This dynamic regulation,
along with its biochemical stability, suggests that LCN2 might act as a reliable biomarker for inflammatory disorders.*'

Table 3 Drug Sensitivity Analysis

Gene Drug Correlation Diff Pvalue CorPvalue

LCN2 Vinblastine —0.44434489 0.000426389919966544 | 0.000208884095684 186
LCN2 Docetaxel —0.426927742 0.00142971999214743 | 0.000390246613100538
LCN2 17-AAG —0.403785006 0.00153016870690915 | 0.000851472371190498
DUOX2 | TW 37 0.401866299525776 | 0.0244249299417251 0.000906129137111103
LCN2 Piperlongumine | 0.407390815046337 | 0.00647388473504151 0.000756758353669654
DUOX2 | CCT007093 0.412967940732971 | 0.00440754934532109 | 0.000628945310221328
DUOX2 | GSKI1904529A | 0.421425293384908 | 0.00585907747505478 | 0.000472178312716226
DUOX2 | Salubrinal 0.433772591184248 | 0.00260012277158514 | 0.000306479471946059
DUOX2 | EHT 1864 0.48438558534933 | 0.00121852076155474 | 4.34200547573397e-05
DUOX2 | PF-4708671 0.4858388513735 0.000519102953520334 | 4.0860431242044e-05
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Figure || Immune infiltration analysis in IBD and CCA. (A) Relative abundance of 22 immune cell types in each IBD sample. (B) Relative abundance of 22 immune cell types
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negative correlation. (D) Heatmap illustrating correlations between hub genes and immune cells in CCA samples. Red suggests positive correlation, and green suggests
negative correlation. *p < 0.05; **p < 0.01; **p < 0.001.

Elevated expression of LCN2 has also been reported in various cancers,** with distinct tissue-specific functions. In pancreatic
cancer, LCN2 promotes tumor invasion and angiogenesis by stabilizing matrix metalloproteinase-9 (MMP-9) and enhancing
extracellular matrix degradation. In endometrial cancer, its overexpression may induce epithelial-mesenchymal transition,
thereby accelerating metastasis. In colorectal cancer, although LCN2 can inhibit MMP-9 activity and decrease the risk of liver
metastasis, its role in iron-mediated tumorigenesis remains controversial.*>*® Notably, the expression pattern, mechanistic
function, and clinical relevance of LCN2 in CCA have not been well defined, highlighting the need for further research to
investigate its utility as a diagnostic marker and a therapeutic target.

We assessed the functional relevance of the hub genes in IBD and CCA using single-gene GSEA. GO enrichment
analysis revealed that DUOX2 was involved in immune effector processes, adaptive immunity, and B-cell/lymphocyte-
mediated immune responses. KEGG analysis implicated dysregulation of the IL-17 inflammatory cascade, the TNF
signaling axis, and cytokine-cytokine receptor interaction. A highly similar enrichment pattern was found for LCN2. GO
analysis highlighted its association with adaptive and humoral immunity, particularly the B-cell immunoglobulin axis.
KEGG analysis reinforced its involvement in the TNF/IL-17-driven inflammatory cascade, cytokine-cytokine receptor
interaction, and infectious disease-related pathways. Notably, the enrichment profiles of both genes converged on key
immune processes, including inflammatory mediator regulation, pathogen recognition and defense, and autoimmune
responses. Together, these findings suggest that LCN2 and DUOX2 may modulate a shared “immune-inflammation axis”,
which drives the comorbidity between IBD and CCA by dysregulating the immune microenvironment, triggering
excessive proinflammatory signaling, and facilitating the inflammation-to-cancer transition.

Survival analysis incorporated DUOX2 and LCN?2 as prognostic gene markers. Based on the optimal cutoff values for each
CCA patient, individuals were stratified into low- and high-expression groups. K-M curves suggested that individuals in the
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high-expression group had notably worse OS, with a higher death rate compared to the low-expression group. Subsequent
drug sensitivity analysis of the hub genes DUOX2 and LCN2 suggested that LCN2 may participate in multiple chemotherapy
resistance mechanisms, and that its inhibition could enhance drug sensitivity. DUOX2 was potentially associated with
oxidative stress pathways, and patients with high DUOX2 expression appeared more responsive to targeted agents such as
PF-4708671. Immune infiltration analysis demonstrated significant enrichment of multiple immune cells in both IBD and
CCA samples. Macrophages M2 and resting memory CD4+ T cells accounted for a substantial proportion, suggesting
a microenvironment marked by immune suppression and tissue remodeling. This finding aligns well with established disease
mechanisms. M2 macrophages can promote pathological fibrosis in IBD and drive immune escape and tumor progression in
CCA. Meanwhile, the accumulation of resting memory CD4+ T cells reflects a T cell pre-exhaustion state induced by

prolonged antigen exposure.”%2'***° M2 macrophages can suppress inflammation by generating anti-inflammatory cytokines
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such as TGF-B and IL-10*2. However, their excessive activation may contribute to fibrosis in chronic inflammation®>!

or
promote angiogenesis and immune evasion in the tumor microenvironment (such as the malignant progression of CCA).%
Additionally, the increased proportion of resting memory CD4+ T cells may reflect a pre-exhaustion state induced by
prolonged antigen exposure. These cells, functionally impaired, are less effective in initiating anti-inflammatory or antitumor
responses. They may act in concert with M2 macrophages to form an immunosuppressive network, thereby impairing the
host’s ability to eliminate pathogens or tumor cells and contributing to disease chronicity or malignant progression. Both
LCN2 and DUOX?2 exhibited positive correlations with MO macrophages. Prior studies have reported that LCN2 promotes
inflammatory regulation by stimulating the NF-kB pathway during macrophage activation and facilitates tumor progression
via macrophage polarization-mediated iron delivery.’> Furthermore, LCN2 can modulate iron metabolism and amplify
proinflammatory signaling by binding siderophores, while DUOX2 activates inflammation-related pathways through ROS
production.>® Together, they may drive the polarization of MO macrophages toward proinflammatory phenotypes (such as M1)
or maintain their latent inflammatory potential in an unactivated state. Their interplay is particularly prominent in IBD and the
tumor microenvironment, supporting their potential roles as early inflammatory markers and therapeutic targets. Further
studies are required to elucidate their molecular interactions and regulatory networks in disease progression.

Several limitations in the current research warrant attention. First, although our findings were validated by qPCR, the
validation was performed on a limited number of patient samples. Further confirmation in larger, independent cohorts is
therefore necessary. Future studies should involve multicenter, prospective cohorts with well-characterized clinical and
immunological parameters to more robustly validate the identified biomarkers DUOX2 and LCN2 in IBD and CCA.
Second, this study relied primarily on publicly available transcriptomic datasets, including GEO and TCGA. While these
repositories provide valuable large-scale data, they may not fully capture the heterogeneity of IBD and CCA. These
datasets often lack detailed clinical metadata, such as disease severity, treatment history, and comorbidities. This
information is essential for a comprehensive understanding of the relationship between IBD and CCA. Additionally,
variability in sample collection, processing, and sequencing platforms across datasets may introduce batch effects and
potential biases in gene expression analysis. Furthermore, due to the limited CCA sample size in public databases such as
TCGA, the survival analyses in this study may be underpowered. These results should be interpreted as exploratory,
providing preliminary insights into the prognostic potential of the hub genes. We recommend interpreting these findings
with caution, and their definitive clinical relevance should be verified in future studies with larger sample sizes.
Longitudinal follow-up of patients may help establish causal relationships between chronic inflammation in IBD and
tumor progression in CCA, thereby strengthening the biological relevance of our results. Finally, this study identified
associations between DUOX2 and LCN2 and immune regulation in both IBD and CCA; however, the underlying
mechanisms remain incompletely elucidated. Future investigations should include in vivo models and functional assays
to confirm causality and identify potential therapeutic targets.

Conclusion

This study is the first to reveal gene-gene interactions and potential molecular mechanisms shared by IBD and CCA
through transcriptomic analysis. LCN2 and DUOX2 were identified as shared signature genes in IBD and CCA through
ML-based analysis, highlighting their potential as therapeutic targets for both diseases. The findings suggest that immune
dysregulation, inflammatory responses, and infection-related pathways may represent common pathological mechanisms
underlying the two diseases.
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