Journal of Inflammation Research Dovepress
Taylor & Francis Group

ORIGINAL RESEARCH

|dentification and Validation of Oxidative
Stress-Related Diagnostic Marker Genes and
Immune Landscape in Ulcerative Interstitial
Cystitis by Integrating Bioinformatics and Machine
Learning

Chaowei Fu'**, Yuwei Zhangz’*, Yu Zhao'*, Shiyu Wang"*, Yuhua Zhou', Jing Lv', Shengkai jin',

Fengping Liu', Ninghan Feng®'™

'Wuxi School of Medicine, Jiangnan University, Wuxi, Jiangsu, People’s Republic of China; 2Nantong University Medical School, Nantong University,
Nantong, Jiangsu, People’s Republic of China; 3Department of Urology, Jiangnan University Medical Center, Wuxi, Jiangsu, People’s Republic of China

*These authors contributed equally to this work

Correspondence: Ninghan Feng, Jiangnan University Medical Center, 68 Zhongshan Road, Wuxi, 214002, People’s Republic of China, Tel +861386 1892528,
Email n.feng@jiangnan.edu.cn

Purpose: Interstitial cystitis (IC) is a chronic inflammatory disease with autoimmune associations, particularly in ulcerative IC,
a severe and refractory subtype. Oxidative stress plays a crucial role in IC pathogenesis, interacting with inflammation and immune
cell infiltration. This study aimed to identify oxidative stress-linked biomarkers and explore their relationship with immune cell
infiltration to enhance diagnosis and treatment strategies.

Patients and Methods: The GSE711783 dataset from GEO was analyzed to identify differentially expressed genes in ulcerative IC.
Oxidative stress-related genes were sourced from GeneCards, with hub genes identified via WGCNA and protein-protein interaction
networks. Diagnostic markers were refined using machine learning, and a nomogram prediction model was developed. Diagnostic
biomarkers were validated in vitro and in vivo, immune infiltration was assessed with CIBERSORT, and potential therapeutic drugs
were identified through DSigDB.

Results: Four diagnostic biomarkers—BMP2, MMP9, CCK, and NOS3—were identified and found to be associated with immune
cells, including CD4+ T cells and eosinophils. Decitabine was identified as a potential therapeutic candidate. Experimental validation
confirmed the expression of these biomarkers.

Conclusion: This study identifies BMP2, MMP9, CCK, and NOS3 as key biomarkers, offering valuable insights into the diagnosis
and treatment of IC.
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Introduction

Interstitial cystitis (IC) is a chronic, inflammation-associated condition characterized by bladder pain, urinary frequency,
urgency, and difficulty urinating, which significantly diminish patients’ quality of life." Research indicates that IC patients face
a notably higher risk of suicide, underscoring its profound impact on both physical and mental health.> Despite extensive
studies, the exact pathogenesis of IC remains unclear, posing challenges to the development of effective treatments. Current
evidence suggests that urothelial dysfunction, neurogenic inflammation, mast cell activation, and immune dysregulation are
key contributors to its pathophysiology.” > Among these, inflammation and immune dysregulation play central roles in disease
progression. Infiltration of lymphocytes, macrophages, and mast cells is frequently observed in the bladder tissues of IC
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patients,® along with elevated levels of inflammatory mediators such as IL-6 and TNF-a in urine.”® This immune cell
activation and the accompanying inflammatory response exacerbate urothelial damage, perpetuating a vicious cycle of
inflammation and tissue injury.’ Furthermore, IC can be divided into ulcerative IC (also known as Hunner-type IC) and non-
ulcerative IC (also known as bladder pain syndrome, BPS) based on the presence of Hunner lesions, with a broad consensus
that these two forms should be regarded as distinct diseases.'®!! For example, in Japan, IC and BPS are differentiated based on
the existence of Hunner lesions.'? Ulcerative IC is a rare and difficult-to-treat chronic inflammatory disease of the bladder with
an unclear etiology. Its main characteristics include persistent bladder pain and lower urinary tract symptoms such as
frequency and urgency, with visible redness of the bladder mucosa during cystoscopy, known as Hunner lesions."* Notably,
ulcerative IC significantly differs from non-ulcerative IC in terms of demographics, cystoscopic findings, histopathology,
treatment responses, and complications.'* The estimated overall prevalence of IC worldwide is approximately 10.6 cases per
100,000 people,'> with a notably higher incidence in females. Ulcerative IC accounts for 3.5% to 50% of all cases'® and is
considered one of the most difficult and devastating bladder diseases. Therefore, exploring the mechanisms of inflammation
and immune dysregulation in IC patients, especially those with ulcerative IC, holds significant clinical intervention and
treatment implications.

Oxidative stress (OS) is a phenomenon characterized by the disruption of the intracellular redox balance, leading to the
overproduction of free radicals and oxidized substances that surpass the scavenging capacity of the intracellular antioxidant
system, this imbalance triggers cellular damage and abnormal function.'® Recent research suggests that all currently
recognized pathogeneses of IC are influenced by OS. This process may further exacerbate bladder inflammation and
compromise urethral epithelial integrity, contributing to the development of IC.'” Additionally, it has been reported that
elevated levels of ROS markers (such as oxidized guanine,'® 8-isoprostane,'® 8-hydroxy-2’-deoxyguanosine (8-OHdG),"
and ischemia-modified albumin (IMA)*’) have been found in the urine and serum samples of IC/BPS patients, indicating
that OS may play an important role in the pathogenesis of the disease. OS impairs bladder contraction by affecting output
pathways and interfering with cholinergic receptor signaling systems. Additionally, reactive oxygen species (ROS) produced
by OS lead to an increase in peroxynitrite concentration in the uroepithelium and bladder smooth muscle. This elevation
may trigger various pathological processes, including lipid peroxidation, protein oxidation, DNA damage, reduced glu-
tathione depletion, oxidative damage, apoptosis, and cell necrosis. Previous animal studies have found that timely
intervention with antioxidants can inhibit OS in IC rats and alleviate their pain and inflammatory responses, demonstrating
a therapeutic effect.”'** Earlier research has shown that OS stimulates the production of inflammatory factors in mast cells
through an APE/Ref-1-dependent pathway.>> Furthermore, ROS play a role in FceRI-dependent mast cell activation and
degranulation. The use of peroxidase-containing substances can inhibit ROS accumulation and consequently suppress
FceRI-dependent mast cell activation.”** Therefore, antioxidant measures are an important direction for the prevention
and treatment of IC.

Furthermore, studies have identified genes associated with OS such as BMP2 (bone morphogenetic protein 2), which
is part of the transforming growth factor-beta (TGF-B) superfamily and plays a critical role in bone and cartilage
development and repair while reducing the production of ROS.?* MMP9 (matrix metalloproteinase-9) is a zinc-
dependent enzyme involved in various physiological processes, including embryonic development, tissue remodeling,
and wound healing.*” The role of CCK (cholecystokinin), an intestinal hormone, remains unclear in the context of
bladder function. NOS3 (nitric oxide synthase 3), also known as endothelial nitric oxide synthase (eNOS), is essential for
the production of nitric oxide (NO), a signaling molecule with diverse physiological functions and significant patho-
physiological activities.”® Through our bioinformatics analysis, we found that these genes are closely associated with IC.
Therefore, investigating these OS-related genes may elucidate the mechanisms underlying ulcerative IC and identify
potential therapeutic targets.

In summary, OS plays a crucial role in the pathogenesis of IC and may contribute to the occurrence and progression
of the disease through multiple pathways. Therefore, therapeutic strategies targeting OS could become a significant
direction for IC treatment. In this study, we conducted a systematic bioinformatics analysis of OS-related genes to
identify diagnostic maker genes involved in the occurrence of IC and to analyze their relationship with immune
infiltration. The validation of these characterized genes was performed through cell and animal experiments, enhancing
the credibility of our findings.
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Materials and Methods

Acquisition of Dataset

We obtained RNA sequencing datasets related to IC from the Gene Expression Omnibus (GEO) database (https://www.ncbi.
nlm.nih.gov/geo/). Specifically, we utilized the GSE11783 dataset, comprising transcriptomic data from 11 human samples,
including 5 IC cases (All of them were patients with ulcerative IC, including 5 ulcerative areas and 5 non-ulcerative areas) and
6 control samples. During data preprocessing, we initially converted probe IDs to specific gene symbols using the platform
annotation file, facilitating the mapping of raw data to the gene level. In this process, when multiple probes were associated
with the same gene symbol, we opted to use the average value as the representative gene expression value to mitigate the
impact of multiple probe mappings on the results. Furthermore, we identified 926 genes associated with OS from the
GeneCards database (https://www.genecards.org/) for subsequent analysis. In selecting these genes, we employed

a correlation score greater than 7 as the screening criterion (see Additional file 1: Table S1 for details). Detailed information
regarding the data is provided in Table 1.

Identification of DEGs
To identify the differentially expressed genes (DEGs) in the GSE11783 dataset, we first normalized the raw expression

matrix using R software (version 4.3.3). Subsequently, we employed the “limma (version 3.56.2)” package to conduct
a comprehensive analysis of gene expression between IC and controls. In this process, we utilized the Benjamini-
Hochberg False Discovery Rate (FDR) method to address the issue of multiple testing while maintaining statistical
significance. We established two primary screening criteria: adj.P < 0.05 and [logFoldChange (FC)| > 1. Here, a logFC >
1 denoted up-regulated genes, while a logFC < —1 indicated down-regulated genes. We utilized the “ggplot2 (version
3.5.0)” and “pheatmap (version 1.0.12)” packages to visually represent the expression patterns of DEGs through volcano
plots and heatmaps, respectively.

Construction of the Co-Expression Network and Identifies Key Gene Modules by
WGCNA

Weighted gene co-expression network analysis (WGCNA) is a method commonly used to identify co-expressed gene
modules and to explore the association relationship between gene networks and specific phenotypes. In our study, we
constructed such a network using the “WGCNA (version 1.0.12)” package. First, we used hierarchical clustering with the
“hclust” function to detect significant outliers. We used “pickSoftThreshold” to select the soft threshold power [, then

bl

converted the gene expression similarity matrix to a neighbor-joining matrix with “adjacency” and subsequently to
a topological overlap matrix (TOM). Modules were detected using dynamic tree cutting approach. Pearson correlation

analysis identified the modules most correlated with our phenotypes, designating them as key gene modules.

Acquisition of Intersecting Genes

Intersections between gene sets are obtained using the R package “ggVennDiagram (version 1.5.2)”. Common intersec-
tions between DEGs and WGCNA modules are referred to as key DEGs, and intersections between key DEGs and OS-
related genes are identified as OS-related differentially expressed genes (OSDEGs).

Table | Summary of the Data Sets Utilized in This Research and Their Features

Dataset Database | Platform Sample

GSEI1783 GEO GPL570 [HG-U133_Plus_2] Affymetrix Human Genome | Bladder biopsy tissue from 5 ulcerative IC
U133 Plus 2.0 Array patients and 6 controls

Oxidative stress- GeneCards | Genecards Obtaining oxidative stress-related genes from

related genes GeneCards
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Functional Enrichment Analysis of Key DEGs

To gain insight into the pathogenesis of IC and the biological pathways that may be involved, we performed Kyoto
Encyclopedia of Genes and Genomes (KEGG)? and Gene Ontology (GO)*® analyses of key DEGs using the
“clusterProfiler (version 4.8.3)” package in R. GO analyses included the study of biological processes (BP), cellular
components (CC), and molecular functions (MF). In this step, we set adj.P < 0.05 as the threshold for significant
differences.

Protein Interaction Network Analysis

To analyze protein interactions and their roles in biosignaling and metabolic responses, we generated a protein-protein interaction
(PPI) network using OS-related differentially expressed genes (OSDEGs) in the STRING database®! (version 12.0, https://cn.
string-db.org/) with a confidence threshold of 0.4. Genes without interactions were removed to enhance network reliability. Hub
genes were identified using “CytoHubba®>” (a Cytoscape plugin) with four methods: Maximal Clique Centrality (MCC), Degree,
Maximum Neighborhood Component (MNC), and Closeness, each providing the top 20 genes. We visualized these hub genes in
Cytoscape (version 3.10.1), with circle size and color indicating the interaction degree. Overlapping hub genes from all methods
were used to construct co-expression networks in GeneMANIA™ (http:/www.genemania.org/). The correlation matrix was

visualized using the “corrplot” package (version 0.92) to understand gene interactions and regulation.

Construction of TF-Gene and miRNA-Gene Regulatory Networks
We conducted comprehensive analyses to uncover transcriptional regulatory networks and key transcription factors (TFs)
controlling hub genes. Gene expression profiling was performed using NetworkAnalyst™® (https:/www.networkanalyst.ca/),

integrating TF-gene and miRNA-gene interaction data from the JASPAR™ and MiRTarBase databases,’® respectively. This
provided insights into TF and miRNA interactions with hub genes. The results were visualized using Cytoscape (version
3.10.1) to clearly depict the regulatory network and key TFs and sorted by the degree of correlation, the top 10 with the closest
interactions were selected. Additionally, GraphPad software (version 9.0.0) was used to compare TFs expression levels
between the IC and control groups.

Gene-Disease Association Analysis

Utilize the NetworkAnalyst platform to access the DisGeNET database®’ and establish relationships between genes and
diseases. DisGeNET is a discovery platform containing one of the largest publicly available collections of genes and
variants associated with human diseases. A comprehensive understanding of the molecular details of associated diseases
can help identify comorbidities and advance our understanding of these diseases.

Screening of Candidate Diagnostic Markers by Machine Learning

We employed the Least Absolute Shrinkage and Selection Operator (LASSO), Support Vector Machine Recursive
Feature Elimination (SVM-RFE), and Random Forest (RF) algorithms to identify key genes. Using ten-fold cross-
validation, we determined the optimal value of the parameter A in LASSO by selecting the minimum standard value. For
Random Forest, we evaluated error rates for tree numbers ranging from 1 to 500, selecting the tree number that yielded
the lowest error rate while considering genes with importance values greater than 0. We conducted LASSO regression,
RF analysis, and SVM-RFE using the R packages “glmnet (version 4.1.8)”, “randomForest (version 4.7.1.1)”, “e1071
(version 1.7.14)”, and “caret (version 6.0.94)”. Finally, we identified the intersection of genes from the three algorithms
as key hub genes. Subsequently, we constructed an Artificial Neural Network (ANN) model using the “neuralnet (version
1.44.2)” and “NeuralNetTools (version 1.5.3)” packages to achieve a high-accuracy diagnosis.*®

Nomogram Construction and Evaluation Using ROC Curve

We assessed the predictive performance of individual genes using a receiver operating characteristic (ROC) curve
analysis to calculate the area under the curves (AUC) with the “pROC (version 1.18.5)” package. Genes were categorized
based on AUC values: average diagnostic predictive value for AUC > 0.5, high for AUC > 0.7, and excellent for AUC >
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0.9. We then constructed a nomogram model based on these genes using the “rms (version 6.8.0)” package, vital for
clinical diagnosis.*” Finally, we evaluated the nomogram’s predictive ability and clinical utility through calibration curve
and decision curve analysis (DCA).*°

Single-Gene Gene Set Enrichment Analysis

Single-Gene Set Enrichment Analysis (GSEA)*' is a bioinformatics approach that leverages expression profiling to
investigate the functions and signaling pathways associated with diagnostic markers in specific biological processes and
diseases. In our study, we initially categorized the samples in the dataset into high and low expression groups based on
the median expression levels of individual genes. Subsequently, we utilized the “clusterProfiler” package to conduct
GSEA, aiming to elucidate the pathways implicated by the diagnostic marker genes. The gene set employed for this
analysis was the KEGG (“c2.cp.kegg.v7.4.symbols.gmt”) gene set. We set the criteria for enrichment analysis as follows:
P < 0.05, q < 0.25, and an absolute value of Normalized Enrichment Score (NES) > 1. Based on the enrichment score
ranking, we visually represented the top 5 pathways for visualization purposes.

Immune Landscape and Correlation Analysis with Genes

CIBERSORT (Cell-type Identification By Estimating Relative Subsets Of RNA Transcripts) is an advanced bioinfor-
matics tool that employs machine learning techniques to analyze gene expression data, inferring the relative abundance of
various cell types in mixed samples. This algorithm leverages known cell-type-specific gene expression profiles to
estimate the proportions of different cell types by minimizing discrepancies between the mixed sample and reference
expression profiles.*? In our study, we first utilized the CIBERSORT algorithm to analyze the proportions of 22 immune
cell subpopulations in both the control and IC groups. This analysis enabled us to understand the distribution and
functional alterations of different immune cells in the pathological context of IC. Subsequently, Subsequently, we
employed Spearman correlation coefficients to evaluate the relationships between the marker genes and immune cells,
aiming to elucidate the potential roles of these marker genes in immune responses and provide valuable insights into the
immune mechanisms underlying IC.

Evaluation of Applicant Drugs

Leveraging the Drug Signatures Database (DSigDB)* to pinpoint small molecule compounds that target hub genes
represents a promising avenue of research. DSigDB encompasses a vast collection of 22,527 genes, capturing the effects
of diverse drugs on gene expression. Accessible through the Enrichr platform,** DSigDB offers a convenient resource for
identifying drug entities based on acquired diagnostic marker genes. Employing a systematic approach, we can uncover
potential pharmacological molecules capable of modulating gene expression. This approach enables targeted therapeutic
interventions, presenting novel opportunities for disease treatment.

Cell Culture and IC in vitro Model Construction

Two cell lines were used in this experiment. Human urothelial cells T24 (HTB-4, ATCC, Manassas, VA, USA) were
cultured in McCoy’s SA medium supplemented with 10% fetal bovine serum (FBS) and 1% penicillin/streptomycin.
Prior to all experiments, cells grew to 80-90% confluence and washed three times with PBS. In all experiments, cells
were cultured in 6-well plates at a density of 1x10"5 cells/well and incubated in standard medium 24 hours before
processing. Human normal urothelial cells SV-HUC-1 (CRL-9520, ATCC, Manassas, VA, USA) were cultured in F12K
medium supplemented with 10% fetal bovine serum (FBS) and 1% penicillin/streptomycin. Prior to all experiments, cells
grew to 80-90% confluence and washed three times with PBS. In all experiments, cells were cultured in 6-well plates at
a density of 2x10"5 cells/well and incubated in standard medium 24 hours before treatment. TNF-o is a pro-
inflammatory cytokine that plays a crucial role in the pathogenesis of IC. TNF-a released by mast cells acts on the
urinary tract epithelium, causing inflammation.**> Furthermore, TNF-o expression is significantly increased in the urine of
patients with IC compared to healthy controls.”® A recent comprehensive study by Kuret et al employed transcriptome
analysis to investigate the effects of TNF-a on urothelial cells. The study revealed a significant upregulation of
inflammatory mediators, including IL1a, ILPB, and ILS8, further confirming that TNF-a is a potent inducer of urothelial
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inflammation and plays a crucial role in the progression of IC.*® Therefore, in vitro models of bladder uroepithelial cells
often use TNF-a to mimic the inflammatory and OS environment characteristic of IC. To mimic a classical inflammatory
environment, cells were treated with 10 ng/mL TNF-a (Sigma-Aldrich, Arklow, Ireland) for 24 hours, according to

previous studies.*’>°

Experimental Animals and IC Animal Model Construction

For the animal experiments, 12 female Sprague-Dawley (SD) rats (8 weeks old, approximately 180 g) were used. The
rats were randomly assigned to two groups: a normal group (n = 6) and a cyclophosphamide (CYP)-induced IC model
group (n = 6). The IC rat model was induced by intraperitoneal injection of cyclophosphamide (Sigma-Aldrich, USA) at
a dose of 75 mg/kg every three days for a total of three injections. This model, which closely mimics human ulcerative
IC, exhibits symptoms such as frequent urination and bladder pain-like behavior, with histological signs including
inflammatory cell infiltration, edema, and capillary congestion in the subepithelial bladder layer.’"> One week after the
third injection of CYP, all rats were euthanized (intraperitoneal injection pentobarbital sodium), and bladder tissues were
collected for subsequent analyses. All animal experiments were conducted in accordance with the regulations of the
Laboratory Animal Management and Animal Welfare Ethics Committee of Jiangnan University. Ethical approval was
obtained from the Ethics Committee of Jiangnan University (Approval No. 20220930S0481025).

RNA Isolation and Reverse Transcription-Quantitative PCR (RT-qPCR)

Total RNA was extracted using the FastRure™ Cell/Tissue Total RNA Isolation Kit (Vazyme, Nanjing, China) and reverse
transcribed using the HiScript IV All-in-One Ultra RT SuperMix (Vazyme, Nanjing, China). RT-qPCR analysis was performed
on the QuantStudio™ Design & Analysis SE Software using ChamQ Universal SYBR qPCR Master Mix (Vazyme, Nanjing,
China) in three independent replicates. The relative expression of target genes was calculated using the 222" method, with
GAPDH as the housekeeping gene. The sequences of the primers were as follows: CCK (human, forward, 5’-
GTGCCTGTGCGTGCTGATG-3’ and reverse, 5’-GCCATCCGTTCTCTGCGATAC-3’), MMP9 (human, forward, 5’-
GGCACCACCACCACAACATCACC-3’ and reverse, 5'-GGGCAAAGGCGTCGTCAATC-3’), BMP2 (human, forward,
5’-TCCCGACAGAACTCAGTGCTATC-3’ and reverse, 5’~-ACCCACAACCCTCCACAACC-3"), NOS3 (human, forward,
5’-TCTCACCTTCTTCCTGGACATCAC-3’ and reverse, 5’-AACCACTTCCACTCCTCGTAGC-3’) and GAPDH (human,
forward, 5’-GAAGGTGAAGGTCGGGAGTC-3" and reverse, 5’-GAAGATGGTGATGGGGATTTC-3’), CCK (rat, for-
ward, 5'-TGCCGCCTGCCCTCAAC-3’ and reverse, 5°-~-ACACGCCGCACTTCATATCTTC-3’), MMP9 (rat, forward, 5°-
CAAACCCTGCGTATTTCCATTCATC-3’ and reverse, 5’- GATAACCATCCGAGCGACCTTTAG-3’), BMP2 (rat, for-
ward, 5’-CTTGCCGCCGCCTCCAG-3’ and reverse, 5’-TGCCTTTCTTCACCTCCTCCTTC-3’), NOS3 (rat, forward, 5°-
CTCACTTACTTCCTGGACATCACTTC-3’ and reverse, 5’-TGCTGTTCGCTGGACTCCTC-3"), GAPDH (rat, forward,
5’-GCAAATTCAACGGCACAG-3’ and reverse, 5’-CTCGCTCCTGGAAGATGG-3’).

Western Blot (WB) Analysis

The collected cells and cryogenically ground bladder tissue were added to a protein lysis buffer containing protease and
phosphatase inhibitors and incubated on ice for 10 minutes to facilitate lysis, followed by ultrasonic disruption. The samples
were then centrifuged at 12000 rpm for 10 minutes at 4°C, and the supernatant was collected. Protein concentration was
determined using the BCA Protein Assay Kit (P0011, Beyotime). Protein samples were resolved on 10% or 12% sodium
dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE) and transferred to polyvinylidene fluoride (PVDF) mem-
branes. The PVDF membranes were blocked with 5% skim milk powder for 2 hours, followed by overnight incubation at
4°C with the corresponding primary antibodies. The primary antibodies used included rabbit anti-NOS3 (27,120-1-AP, 1:500
dilution, Proteintech), MMP9 (10,375-2-AP, 1:1500 dilution, Proteintech), BMP2 (66,383-1-1g, 1:2000 dilution,
Proteintech), and CCK (DF8515, 1:2000 dilution, Affinity). After washing with tris-buffered saline tween-20 (TBST), the
membranes were incubated for 2 hours at 37°C with the following secondary antibodies: goat anti-mouse IgG-HRP
(SA00001-2, 1:5000 dilution, Proteintech) and goat anti-rabbit IgG-HRP (SA00001, 1:10,000 dilution, Proteintech).
Finally, the blots were developed using an ECL chemiluminescent reagent (P0018S, Beyotime) with high sensitivity.
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Statistical Analysis

All results are presented as the mean=+SEM. GraphPad (version 9.0.0) and R (version 4.3.3) were employed for
statistical analysis. Unpaired ¢ test was used to compare the data between the two groups if the data were normally
distributed, otherwise the Mann—Whitney test was used Spearman correlation analysis was utilized to investigate
relationships between infiltrating immune cells and marker genes, as well as among hub genes. The significance level
of P < 0.05 was considered statistically significant.

Results
Identification of the DEGs of IC

A flowchart outlining the study process is depicted in Figure 1. Following the normalization of gene expression levels
from the GSE11783 dataset, the results pre- and post-normalization are illustrated in Figure S1. By applying statistical
criteria (adj.P < 0.05 and [logFC| > 1), a total of 1893 DEGs were identified, comprising 823 up-regulated genes and 1070
down-regulated genes (Additional file 1: Table S2). Subsequently, we visually presented the DEGs between the IC patient
group and control group through volcano plot (Figure 2A) and heat map (Figure 2B). These findings underscore
significant differences in gene expression between IC patients and controls, offering novel insights and targets for
diagnosis and treatment.

Construction of WGCNA in IC and Identification of Key Modules

To delve deeper into the key genes associated with IC, we employed WGCNA to pinpoint the most pertinent gene
modules in the IC group. We visualized a clustering dendrogram of the modules, revealing no outliers in the included
samples (Figure 2C). After conducting the scale independence and mean connectivity evaluation, we selected a soft
threshold power of 6 (Figure 2D). Utilizing this power, we generated a total of 12 modules and elucidated the gene
clustering outcomes (Figure 2E). Furthermore, this analysis probed the correlation between IC and gene modules
(Figure 2F). Notably, the turquoise module exhibited a positive correlation with IC, encompassing 1701 genes (r =
0.87, P = le-05), while the blue module displayed a negative correlation with IC, encompassing 669 genes (r = —0.88,
P = 8e-06). Consequently, we designated the turquoise and blue modules as the focal points for subsequent analysis.
Within these modules, we identified 2370 key genes significantly associated with IC (Additional file 1: Table S3).

We proceeded to intersect the DEGs with the key module genes identified through WGCNA to pinpoint the key
DEGs, yielding a total of 1324 key DEGs (Figure 2G). These key DEGs were subsequently subjected to further
enrichment analysis. Additionally, we intersected the key DEGs with OS-related genes, resulting in a total of 68
OSDEGs (Figure 2H). These OSDEGs were subjected to further screening to identify hub genes.

KEGG and GO Analysis

GO analysis and KEGG analysis provided insights into the biological traits and enrichment pathways of the key DEGs.
Bubble plots illustrate the top 10 elements of GO terms for each category. In the BP subgroup, these key DEGs were
significantly enriched in signaling pathways such as cell differentiation, cellular developmental processes, and regulation of
cellular processes. In the CC subgroup, these key DEGs were involved in the extracellular region and vesicle. Furthermore,
in the MF subgroup, these key DEGs were associated with identical protein binding and signaling receptor binding
(Figure 3A). KEGG enrichment analysis revealed that key DEGs associated with cytokine-cytokine receptor interaction,
chemokine signaling pathway, viral protein interaction with cytokine and cytokine receptor, NF-kB signaling pathway, Th17
cell differentiation, B cell receptor signaling pathway, IL-17 signaling pathway, and immunological and metabolic pathways
(Figure 3B). Detailed information regarding the enrichment results can be found in the Additional file 1: Table S4.

Construction of PPl and Acquisition of Hub Genes

We utilized the online analysis tool STRING to construct a PPI network based on OSDEGs, revealing their interconnec-
tions. The resulting network consisted of 64 nodes and 249 edges (Figure S2A; Additional file 1: Table S5).
Subsequently, hub genes were identified using the “CytoHubba” plugin in Cytoscape. The MCC method, known for
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its high accuracy in detecting key proteins, identified the top 20 most influential genes. Additionally, the Degree, MCN,
and Closeness algorithms were employed to identify the top 20 hub genes, respectively (Additional file 1: Table S6).
Fifteen common hub genes were identified across these four gene sets, including TNF, MMP9, CXCLS, IFNG, LEP,
PPARG, SELE, HMOX1, LCN2, NOS3, DPP4, CCK, MMP1, CCR7, and BMP2, which are considered hub genes of IC
(Figure S2B), their interactions with other genes are shown in Figure S2C. Furthermore, these hub genes were annotated
using the GeneMANIA database, revealing associations with leukocyte migration, positive regulation of cell-cell
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Figure 2 DEGs analysis and WGCNA analysis. (A) The volcano plot of genes; (B) The gene heatmap of DEGs; (C) Cluster tree of 16 samples; (D) Choosing the best soft-
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the relationships between modules and traits; (G) The Venn diagram of DEGs and WGCNA genes; (H) The Venn diagram of OS-related genes and key DEGs.
Abbreviations: DEGs, differentially expressed genes; WGCNA, Weighted gene co-expression network analysis; OS, oxidative stress.

adhesion, neutrophil migration, regulation of neutrophil chemotaxis, regulation of leukocyte migration, granulocyte
chemotaxis, and neutrophil chemotaxis (Figure S2D). Figure S2E illustrates the correlation between hub genes.

Construction of the Regulatory Network
Figure 4A shows regulatory interactions between miRNAs and genes, with the inner circle representing miRNAs and the
outer circle indicating hub genes. Significant miRNAs include hsa-mir-27a-5p, hsa-mir-129-2-3p, hsa-mir-27a-3p, hsa-
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mir-210-3p, hsa-mir-7-5p, hsa-mir-155-5p, hsa-mir-146a-5p, and hsa-mir-34a-5p. Detailed miRNA regulatory networks
are provided in Additional file 1: Table S7. Figure 4B depicts the interactions between TFs and hub genes, with the inner
circle representing TFs and the outer circle representing hub genes. Significant TFs include FOXC1, GATA2, E2F1,
YY1, FOXL1, NFKBI, FOS, JUN, TP53, and GATA3. Detailed data are provided in Additional file 1: Table S8. These
networks play a crucial role in understanding the intricate layers of gene regulation within the cell, elucidating the
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mechanisms by which genes are activated or suppressed, how miRNAs finely tune this regulation, and the delicate
balance that maintains normal cellular function or leads to disease when dysregulated. Additionally, we validated the
expression of TFs in the GSE11783 dataset and found that four TFs were significantly differentially expressed.
Specifically, E2F1 was upregulated in the IC group compared to controls, while GATA2, GATA3, and TP53 were
downregulated in the IC group (Figure 4C).

Identification of Disease Associations

Connections are established through hub genes, and various diseases may exhibit interrelationships. Gene-disease
association studies conducted on the NetworkAnalyst platform reveal intriguing connections. We observed that major
depressive disorder, mental depression, proteinuria, schizophrenia, depressive disorder, nerve degeneration, and inflam-
mation are strongly linked to hub genes (Figure 4D). Detailed data can be found in Additional file 1: Table S9.
Remarkably, most of these diseases are closely associated with inflammatory or immune responses in the organism.
Interestingly, we found that these hub genes are closely associated with psychiatric symptoms, which is consistent with
the previously reported presence of anxiety and depression in IC patients.>> Hence, these hub genes might also
contribute to the development of anxiety and depressive symptoms in patients with IC.

Screening of Candidate Diagnostic Markers by Machine Learning

To further identify diagnostic marker genes for IC, we employed three machine learning algorithms: LASSO, SVM-RFE,
and RF. Using LASSO logistic regression analysis, we extracted 6 genes from the hub genes (Figure 5A). RF analysis
identified 7 genes (Figure 5B), while SVM-RFE analysis identified 7 genes (Figure 5C). By overlapping the results from
all three algorithms using a Venn diagram, we finally obtained 4 genes: BMP2, MMP9, CCK, and NOS3 (Figure 5D;
Additional file 1: Table S10). Among them, MMP9, CCK, and NOS3 exhibited higher expression in the IC group, while
BMP2 had lower expression compared to the control group (Figure 6A). Next, an ANN model was constructed using
these four genes, which demonstrated high proficiency in distinguishing between IC and control samples (Figure 6B;
Additional file 1: Table S11). The diagnostic performance of these four genes was evaluated using ROC curves based on
the expression data, with the AUC values for all four genes exceeding 0.9 (Figure 6C). Corresponding nomogram models
were constructed to demonstrate the diagnostic value of these genes, with the nomogram score used to predict the
likelihood of having IC (Figure 6D). Furthermore, DCA results indicated that the model had high clinical application
value (Figure 6E), and calibration curves showed that the nomogram model predicted IC very well (Figure 6F). Overall,
these findings suggest that these four genes have a strong ability to recognize IC, providing a feasible approach to
diagnose and intervening in patients with IC.

Single-GSEA Analysis

The KEGG pathway involving the four genes in IC was assessed using GSEA. Gene expression levels were categorized
as high and low based on the median expression levels to explore the potential pathways these genes are involved in
during IC occurrence (Figure S3A-D; Additional file 1: Table S12). The top 10 significant terms for each gene are
shown. The BMP2 high-expression group was predominantly enriched in the PPAR signaling pathway and basal cell
carcinoma pathways, while the low-expression group was predominantly enriched with immune-related pathways.
Conversely, the MMP9, CCK, and NOS3 low-expression groups were all predominantly enriched in metabolic pathways.
These findings suggest that the high-expression groups were mainly associated with immune-related pathways, while the
low-expression groups were more linked to metabolic pathways. Notably, all genes were associated with primary
immunodeficiency and the PPAR signaling pathway. Therefore, we suggest that these four genes are strongly associated
with inflammation as well as immune responses during IC.

Immune Landscape and Correlation with Diagnostic Marker Genes

The immune landscape plays a crucial role in understanding the composition and activity of immune cells, offering
valuable insights into disease progression prediction and therapy effectiveness. Based on the results of the previously
described functional enrichment analysis, the immune pathway emerged as a key factor in the occurrence of IC. The
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Figure 5 Screening diagnostic marker genes using machine learning. (A) LASSO logistic regression analysis. (B) RF analysis. (C) SVM-RFE analysis. (D) Venn diagrams for

three analysis method results.

Abbreviations: LASSO, Least Absolute Shrinkage and Selection Operator; SVM-RFE, Support Vector Machine-Recursive Feature Elimination; RF, Random Forest.
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immune landscape in IC disease was revealed using the CIBERSORT algorithm, which identified 22 immune cell
subclasses. Figure 7A shows the proportions of 22 immune cell types. We observed significant differences between the
IC group and control group in several immune cell types, including B cells memory, plasma cells, T cells CD*" naive,
T cells CD*" memory resting, T cells CD*" memory activated, T cells follicular helper, macrophages M0, macrophages
M2, mast cells resting, eosinophils, and neutrophils (Figure 7B; Additional file 1: Table S13). Furthermore, we analyzed
the relationship between the level of infiltration of the 22 immune cells and the four genes of interest (Additional file 1:
Table S14). Correlation analysis revealed that all four genes were associated with T cells CD* 'memory resting, T cells
CD*" memory activated, and Eosinophils. MMP9, CCK, and NOS3 were positively correlated with T cells CD*" memory
activated and Eosinophils, whereas they were positively and negatively correlated with T cells CD*" memory resting,
respectively. The correlation results for BMP2 were opposite to the other three genes (Figure 7C and D). These findings
suggest a change in the immune environment in IC patients and imply that these four genes may simultaneously influence
an immune component of IC under the influence of OS.

Exploration of Potential Drugs

Using the DSigDB module in the EnrichR database, we identified potential drug candidates targeting the 4 genes of interest.
By evaluating adj.P and combined score, we identified the most relevant drugs with promise in targeting potential
therapeutic pathways for IC, deserving further exploration. The top 10 relevant drugs are listed in Table 2: Decitabine,
Roxarsone, DL-Mevalonic acid, Octreotide, ACMC-20mvek, 2,4-Diisocyanato-1-methylbenzene, TIRON, Phenylarsine
oxide, and Diallyl disulfide. Particularly noteworthy is Decitabine, which was associated with all four genes.

External Validation of Maker Genes

The experimental results demonstrated that following TNF-a induction, mRNA expression of MMP9 and NOS3 significantly
increased, whereas BMP2 mRNA and protein expression notably decreased in SV-HUC-1 cells, consistent with our
bioinformatics predictions (Figure 8A and C). Similar trends were observed for MMP9, NOS3, and BMP2 mRNA and
protein expression in T24 cells (Figure 8B and C). Importantly, CCK mRNA expression was found to be very low in both T24
and SV-HUC-1 cells. These experimental findings validate and reinforce the predictive value of bioinformatics analysis,
thereby further supporting the involvement of MMP9, NOS3, and BMP2 in the pathogenesis of IC.

In vivo experiments further validated our bioinformatics analysis results. In the CYP-induced IC rat model, we
observed significantly higher mRNA and protein expression levels of MMP9, NOS3, and CCK in IC rats compared to
healthy rats, while the mRNA and protein expression levels of BMP2 were significantly lower. (Figure 9A and B) These
results suggest that MMP9, NOS3, CCK, and BMP2 may play important roles in the onset and progression of IC.

Discussion

IC is a troubling disease characterized by a complex pathogenesis involving numerous associated conditions. A majority
of patients experience anxiety, depression, and other obstacles, which contribute to the complexity and chronicity of
treatment. Moreover, misdiagnosis of IC as urinary tract infection, urethral syndrome, pelvic inflammatory disease, or
overactive bladder® can lead to inappropriate treatment, worsening the patient’s state. Enhancing the diagnostic precision
of IC is crucial, necessitating the development of more sensitive and specific markers. Increased ROS production in IC

patients is well documented. Jiang et al'*>’

120

showed elevated levels of urinary OS biomarkers (8-OHdG, 8-isoprostane),
while Ener et al= found that the total antioxidant capacity of serum samples from IC patients was significantly lower
than that of controls. Recently, a study assessed serum and urine samples from IC/BPS patients and found a significant
elevation in the OS marker 8-isoprostane in both serum and urine.'® These findings, along with the complex interactions
between OS, inflammation, and immunity, suggest a new research direction. Therefore, the quest for novel diagnostic
markers linked to OS is paramount. These markers not only offer fresh insights for early IC detection but also lay the
groundwork for tailored treatment strategies.

Through KEGG enrichment analysis, we found that the DEGs are predominantly enriched in inflammation and
immune-related pathways, with several pathways also associated with oxidative stress. For instance, ROS can indirectly

inhibit nitric oxide (NO) production by uncoupling endothelial nitric oxide synthase (eNOS), which serves as a negative
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Table 2 Top 10 Gene-Targeted Drugs for IC

Term Adjusted P-value | Combined Score | Genes

Decitabine 0.0018 701,417.9666 BMP2; NOS3; CCK; MMP9
6401-97-4 3.34E-04 29,570.47781 NOS3; MMP9
Roxarsone 3.55E-04 23,557.08871 NOS3; MMP9
DL-Mevalonic acid 7.94E-05 15,288.15094 BMP2; NOS3; MMP9
Octreotide 7.67E-04 11,214.62696 BMP2; CCK
ACMC-20mvek |.47E-04 8949.938225 BMP2; NOS3; MMP9
2,4-Diisocyanato- | -methylbenzene | 8.85E-04 7698.982687 NOS3; MMP9
TIRON 8.85E-04 7698.982687 NOS3; MMP9
Phenylarsine oxide 0.0010 6387.031681 NOS3; MMP9

Diallyl disulfide 0.0013 5271.69962 CCK; MMP9

regulator of nuclear factor kappaB (NF-xB). Consequently, this process activates the NF-kB signaling pathway, leading
to inflammation.’®> TH17 cells, a distinct subset of CD4" T cells, have been implicated as causal agents in various
autoimmune diseases like psoriasis,’ multiple sclerosis,®' rheumatoid arthritis,®* and inflammatory bowel disease.®* IL-
17, primarily secreted by THI17 cells, plays a pivotal role in inducing a wide array of cytokines, chemokines,
inflammatory factors, and antimicrobial proteins.®*®> These molecules target genes involved in autoimmunity and

17 demonstrated a correlation between the level of OS

chronic inflammation.®® Notably, recent research by Wang et a
and Thl7 activation in trichloroethylene-induced autoimmune diseases. Given these findings, therapeutic strategies

targeting OS hold particular importance and promise in managing such conditions.
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TFs serve as major orchestrators of biological processes, exerting control over the expression of multiple gene targets
and forming intricate feedback loops. During the early stages of diseases like IC, numerous genes, including many TFs,
undergo significant alterations. Previous research has highlighted the involvement of several TFs, such as E2F1, JUN,
and TP53,%% in the occurrence process of IC, aligning with our findings. In our study, the TFs associated with hub
genes, as predicted, hold promise as novel candidate genes for investigating the regulation of IC pathophysiological
processes in future studies. Meanwhile, miRNA research represents a burgeoning area of interest across various scientific
disciplines. A wealth of evidence now underscores the critical role of miRNAs in immune system development, as well
as their contributions to innate and adaptive responses. miRNAs such as mir-155, mir-181a, mir-146a, mir-150, mir-223,
and mir-17-92 have been demonstrated to play regulatory roles in immune cell development, differentiation, and
function.”®”" Moreover, in a mouse model of cyclophosphamide-induced cystitis, miRNAs like mir-34c-5p, mir-34b-
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3p, mir-212-3p, mir-449a-5p, and mir-21a-3p, as well as mir-376b-3p, mir-376b-5p, and mir-409-5p, have shown
involvement in inflammation and smooth muscle function over the medium term.”? However, the specific mechanisms
by which the miRNAs identified in our study exert their effects on IC remain incompletely elucidated, warranting further
investigation into their roles in IC pathology.

In our experiments, both cell and animal model results consistently suggest that MMP9, NOS3, and CCK may play
crucial roles in the development and progression of IC. Specifically, mRNA expression of MMP9 and NOS3 was
significantly increased in SV-HUC-1 and T24 cells following TNF-a induction, while BMP2 expression was notably
decreased, which aligns with our bioinformatics predictions. In the CYP-induced IC rat model, expression levels of
MMP9, NOS3, and CCK were significantly elevated in IC rats, whereas BMP2 expression was significantly reduced.
These findings support our hypothesis that these genes are key contributors to IC pathogenesis. However, we observed
that both T24 and SV-HUC-1 cells expressed very low levels of CCK. We hypothesize that these uroepithelial cell lines,
T24 and SV-HUC-1, do not express CCK, unlike neuroendocrine cells which are capable of CCK expression.
Neuroendocrine cells present in bladder tissues within the uroepithelium can respond to certain chemicals, such as
those produced by infecting bacteria, thereby influencing bladder activity.”*”* This likely explains why CCK can be
detected in bladder biopsies but not in T24 and SV-HUC-1 cells.

In this study, we identified four diagnostic marker genes (BMP2, MMP9, CCK, and NOS3) significantly associated
with IC using a combination of DEGs analysis, WGCNA, PPI networks, and machine learning. The ANN model, ROC
analysis, and nomogram diagnostic model demonstrated that these markers have excellent discriminatory ability in
distinguishing the IC group from controls. These results suggest that BMP2, MMP9, CCK, and NOS3 are significantly
involved in the pathological processes of IC and have potential as diagnostic markers and therapeutic targets for this
disease. Recent research indicates that BMP2 overexpression in osteoblasts (specifically MC3T3-E1) inhibits apoptosis,
diminishes ROS production, and lowers the secretion of TNF-a, IL-6, and macrophage colony-stimulating factor
(M-CSF).”> Consequently, BMP2 is deemed beneficial, aligning with our observation of reduced BMP2 expression in
the IC patient group. While BMP2 has been extensively studied in orthopedic diseases, its role in IC remains uncertain.
Subsequent investigations ought to delve into the precise mechanisms and therapeutic potential of BMP2 in IC, offering
novel insights and treatment modalities. MMP9 not only contributes to tissue remodeling and inflammation but is also
implicated in various autoimmune disorders such as systemic lupus erythematosus, Sjogren’s syndrome, systemic
sclerosis, rheumatoid arthritis, multiple sclerosis, polymyositis, and atherosclerosis.”® Recent literature reports
a significant elevation in MMP9 expression in a cyclophosphamide-induced rat model of IC,”””® correlating with
processes such as inflammatory response, cell migration, and tissue damage. This aligns with our discovery of elevated
MMP9 expression in the IC patient group. Additionally, a recent study reported elevated urinary and serum levels of
MMP9 in IC/BPS patients, with serum MMP9 levels correlating with disease pain and distinguishing patients with or
without Hunner’s lesions (AUC = 0.836).'"® This significant finding further reinforces the role of MMP9 in the
pathogenesis of IC/BPS and aligns with our results. Furthermore, MMPs are integral to the extracellular matrix
proteasome and influence the remodeling and degradation of tight junctions (TJs). For instance, certain MMPs family

genes, including MMP9, MMP7, and MMP2, have been shown to decrease the expression of TJ prote:ins,79’80

implicating
MMP-9 in diverse pathogenic mechanisms of IC and suggesting its potential as a therapeutic target. CCK
(Cholecystokinin) functions as both a neuropeptide and gut hormone, regulating pancreatic enzyme secretion, gastro-
intestinal motility, and satiety signaling. It is released by endocrine cells of the small intestine and various neurons in the
gastrointestinal tract and central nervous system following ingestion.®" A significant portion of current research has
focused on its regulatory functions within the digestive, nervous, and endocrine systems. While bladder diseases remain
poorly understood, our analysis suggests that CCK may contribute to IC occurrence through its impact on OS and
immune responses. Consequently, conducting a comprehensive investigation into the mechanisms underlying CCK'’s
involvement in bladder diseases, particularly its modulation of OS in bladder tissues, holds promise for identifying novel
therapeutic targets. NOS3 exhibits significantly higher levels in Hunner type IC bladder samples compared to non-
Hunner IC bladder samples, indicating potential involvement of eNOS in the divergent pathogenesis of these IC
subtypes.®? eNOS, an enzyme crucial for NO production. NO serves as a signaling molecule with diverse physiological
functions and extensive implications in both physiological and pathophysiological contexts. Its roles encompass the
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regulation of vascular tone, promotion of angiogenesis in wound healing, modulation of inflammatory responses, and
involvement in pathologies such as ischemic cardiovascular disease and malignancies.®> Under normal conditions, eNOS
synthesizes substantial quantities of NO, contributing to the maintenance of homeostasis between the endothelium and
adjacent tissues.”® Similar to endothelial tissue, the urothelial epithelium of the lower urinary tract possesses NOS and
produces NO. Inflammation resulting from chronic irritation or infection leads to increased NO production, and the
upregulation of NOS in response to chronic inflammation may serve as an adaptive mechanism to enhance spinal
nociceptive or reflexive responses triggered by nociceptive inputs from the bladder.** This phenomenon has been verified
in a study by M V Souza-Fiho et al.*®’

Previous studies have established that IC development involves the infiltration of various immune cells, including
T cells, B cells, plasma cells, macrophages, neutrophils, and mast cell.**¢ Our study conducted a comprehensive analysis
of the infiltration extent of 22 immune cell types using the CIBERSORT algorithm. We observed differences in immune
cell infiltration levels between the IC and control groups, consistent with previous findings. Furthermore, we discovered
associations between the four genes and T cell CD* 'memory resting, T cell CD*" memory activated, and eosinophils.
CD4" T cells play multifaceted roles in regulating immune responses, naive CD4" T cells can differentiate into various
subpopulations, including Th1, Th2, Th17, Th22, Tth and CTLs, each with distinct phenotypes and protective functions.
These subpopulations are crucial in pathogen response, immune regulation, and maintaining immune homeostasis.®’
CD4" T cells play a critical immunoregulatory role in the occurrence and progression of IC,° they recruit and activate
other immune cells through the secretion of various cytokines and chemokines, thereby contributing significantly to the
immune response in IC and research has indicated a significant increase in dysfunctional CD4" T cells in IC patients.®®
Eosinophilic primarily maintain the tissue microenvironment during normal development and regulate host innate and
adaptive immune responses.®® Eosinophils express and release epithelial-mesenchymal transition mediators, including
TGF-f, basic fibroblast growth factor, platelet-derived growth factor, matrix metalloproteinases, and vascular endothelial
growth factor. They also release other repair/remodeling factors, such as nerve growth factor, neuropeptides, and
cytokines like IL-1p and IL-6.° Despite extensive study, the specific role of eosinophils in IC remains unclear. The
existing research suggests that eosinophils may play a role in the pathological process of IC, particularly through allergy-

related mechanisms. Some scholars®"%?

speculate that allergic reactions could potentially trigger IC, with eosinophils
playing a significant role in this response. They found significantly elevated levels of ecosinophilic protein X in the
morning urine of interstitial cystitis patients compared to controls, along with occasional eosinophil infiltration in the
submucosal layer upon bladder tissue biopsy. Additionally, researchers®® have observed more severe or moderate
eosinophilic infiltration in Hunner IC bladder specimens compared to non-Hunner IC specimens. Therefore, increased
eosinophils may contribute to the progression of IC. Further studies are necessary to elucidate the specific functions of
eosinophils in IC disease progression and symptom presentation. To investigate the potential biological functions of the
four genes in IC, we found, using GSEA, that they are associated with primary immunodeficiency and the peroxisome
proliferator-activated receptor (PPAR) signaling pathway. PPARs are ligand-dependent transcription factors belonging to
the nuclear hormone receptor superfamily. PPARa is one of its subtypes. PPARa is expressed in macrophages, dendritic
cells (DCs), B cells, and T cells, actively participating in various aspects of immune regulation by modulating cytokine
production in DCs and T cells, as well as lymphocyte proliferation.”® Furthermore, research has confirmed that PPARa
exhibits anti-inflammatory effects by inhibiting the NF-kB signaling pathway and reducing the expression of inducible
NOS, cyclooxygenase-2, and TNF-0.”* Kuret et al®® found that Cannabidiol significantly reduces the mRNA and protein
levels of inflammatory factors (such as IL1a, IL8, etc) by modulating the PPARy/Nrf2/NF-kB signaling pathway. It also
inhibits NFkB phosphorylation, reduces the production of reactive oxygen species, and promotes the expression of
antioxidant enzymes. These findings further demonstrate the association between OS, inflammation, and immunity.
Additionally, the PPAR signaling pathway is considered a viable therapeutic target for treating chronic pain and its stress-
related psychiatric complications.’® Therefore, further investigation into the role of these four genes in the PPAR
signaling pathway in IC is crucial.

Through screening, we identified Decitabine as the most promising drug candidate for the treatment of IC. Decitabine
(5-aza-2’-deoxycytidine) is a DNA methyltransferase inhibitor with a wide range of antimetabolic and anticancer activities.
Recent studies have found that Decitabine alleviates symptoms of acute respiratory distress syndrome through its anti-
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inflammatory and antioxidant properties and by inhibiting the mitogen-activated protein kinase (MAPK) pathway.”’
Additionally, Chang Su et al’® found that Decitabine increased the release of the inhibitory factor IL-10, decreased the pro-
inflammatory factor IL-17, activated CD4" Foxp3™ T cells, and elevated levels of zonula occludens 1 and occludin, thereby
reducing symptoms of ulcerative colitis. Therefore, Decitabine has potential therapeutic value for the treatment of IC.

In this study, we first identified the intersection between differentially expressed genes in IC patients and oxidative
stress gene sets, uncovering four OS-related biomarkers (CCK, MMP9, NOS3, BMP2) with significant clinical applica-
tion potential. Firstly, these genes can serve as tools for the early diagnosis of IC, assisting physicians in identifying
patients before symptoms become apparent, thereby improving diagnostic accuracy. Secondly, personalized treatment
plans can be developed based on the expression levels of these genes, particularly targeting the regulation of oxidative
stress and immune responses to enhance treatment outcomes. Additionally, Decitabine, identified as a potential ther-
apeutic molecule for IC, offers a new direction for drug development, demonstrating promising clinical application
prospects. Monitoring these biomarkers could also be utilized to assess disease progression and treatment response,
providing strong support for clinical decision-making. In summary, our research offers new targets for future clinical and
basic research, advancing the understanding of the pathogenesis of IC.

There are several limitations to our study. First, it involved secondary data mining and analysis of a previously
published dataset, where differences in dataset selection and analysis methods could influence outcomes. Second, due to
the lack of clinical samples, validation was limited to the cellular and animal level. Third, the impact of these oxidative
stress-related markers on inflammatory and immune responses, contributing to IC occurrence, remains unclear.
Therefore, future studies should include diverse populations and larger sample sizes, employing both in vitro and
in vivo experiments for validation.

Conclusion

Through comprehensive bioinformatics analysis, we demonstrated differences in oxidative stress-related genes and
immune cell infiltration between IC patients and controls, revealing for the first time the correlation between OS and
immune infiltration in IC. We used machine learning algorithms to identify four mitochondria-related candidate core
genes (BMP2, MMP9, CCK, and NOS3) and developed a nomogram for early diagnosis and monitoring of IC patients.
This study also identified TFs, miRNAs, and drug molecules that may regulate the hub genes. These findings may offer
new perspectives on potential therapeutic targets for IC, enhance understanding of IC mechanisms, and suggest new
approaches for IC diagnosis.
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