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Purpose: Ulcerative colitis (UC) remains challenging to diagnose and treat due to a lack of reliable biomarkers. This study 
investigates oxidative stress-related targets in UC using bioinformatics and experimental validation.
Methods: We analyzed four GEO datasets and oxidative-stress genes from MSigDB, applying differential analysis, LASSO 
regression (for feature selection), and random forest (for robust biomarker identification). An artificial neural network (ANN) 
diagnostic model was constructed, followed by chromosomal distribution analysis, immune infiltration assessment, and drug screening. 
Hub gene expression was validated in a 3% DSS-induced colitis mouse model via qPCR and Western blot.
Results: Ultimately there were 6 hub genes identified: DUOX2, ETFDH, GPX8, ITGA5, NPY, and PDK2, which were validated with 
3 other datasets. In the DSS-colitis model, DUOX2 and ITGA5 were significantly upregulated (p < 0.05), whereas ETFDH, PDK2, and 
NPY were downregulated. GPX8 protein expression was elevated in colonic mucosa compared to controls. These findings were further 
validated in three independent datasets (GSE48958, GSE16879, GSE36807).
Conclusion: Our study identifies six oxidative stress-related biomarkers in UC using machine learning and experimental validation. These 
findings provide potential diagnostic and therapeutic targets for UC management, paving the way for further clinical investigations.
Keywords: inflammatory bowel diseases, bioinformatics, random forest, LASSO regression, artificial neural network, immune infiltration

Introduction
UC is an inflammatory bowel disease involving the colorectum that is prone to recurrent and intractable episodes. It is 
characterized by mucopurulent, bloody stools, and its central pathological feature is the disruption of the colonic mucosal 
barrier due to inflammation.1 In recent years, the prevalence of UC has grown significantly worldwide. An estimated 
5 million cases of ulcerative colitis occurred worldwide in 2023.2 The number of UC patients in Asia is expected to exceed 
2 million by 2035.3 The large and rapidly growing number of people suffering from the disease not only undermines 
people’s health but also seriously affects the development of social productivity.4 At the same time, there is a corresponding 
increased risk of colorectal cancer, posing serious challenges to patient health and the healthcare system.5,6

Ulcerative colitis (UC) pathogenesis involves complex interactions of genetic, immunological, microbial and environ
mental factors, though remains incompletely understood.7 Diagnosis currently requires comprehensive clinical, endoscopic 
and histological evaluation, yet existing methods suffer from limited specificity, poor mechanistic correlation, inadequate 
dynamic monitoring and relying heavily on invasive procedures and static biomarkers.(eg faecal MPO test).8 These 
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diagnostic shortcomings highlight the urgent need for novel biomarker development. Therapeutically, management relies on 
5-aminosalicylic acid as first-line therapy, with glucocorticoids, biologics and surgical options for refractory cases.9

Oxidative stress is the reaction of oxygen free radicals with tissues due to insufficient antioxidant capacity or 
bioavailability, leading to effects such as cellular damage and an increased inflammatory response. In ulcerative colitis, 
oxidative stress is one of the important pathogenic factors and may have numerous causes, including immune system 
anomalies, environmental influences, and gut bacteria imbalances.10 In the intestinal mucosa of UC patients, activated 
neutrophils, macrophages, and other inflammatory cells produce large amounts of Reactive Oxygen Species(ROS) via 
NADPH oxidase and myeloperoxidase (MPO). The ROS activate pathways such as NF-κB and NLRP3 inflammasome, 
which promotes release of proinflammatory factors, such as TNF-α, IL-1β, and IL-6, and exacerbates the inflammatory 
response.11 Along with the spread of inflammation, ROS lead to gut barrier damage, mitochondrial dysfunction, lipid 
peroxidation and tissue damage in a vicious cycle.12

The rapid development of machine learning has greatly contributed to the advancement of biomedicine, and the 
diagnosis and prediction of IBD has evolved accordingly.13 Due to its strong categorization ability, many researchers are 
using machine learning to learn representations of high-dimensional features from high-throughput data.14 Machine 
learning enables hypothesis-free discovery of UC therapeutic targets through high-dimensional feature selection, non
linear pattern recognition, and multi-omics integration, outperforming traditional hypothesis-driven approaches in both 
efficiency and systems-level mechanistic insights.15

To explore the application of machine learning in the early diagnosis and treatment of UC, especially the potential 
advantages in gene expression data analysis, we integrated four GEO datasets and built a model for differential analysis, 
specific gene selection, and deep learning model construction. The GEO database and MSigDB database were used as the 
main sources of data acquisition and screening. We used bioinformatics methods such as LASSO regression analysis, 
random forest (RF), artificial neural network (ANN), immune infiltration analysis, transcription factor prediction, miRNA 
prediction, and drug prediction to screen and predict gene targets. We also validated the results using three independent 
GEO datasets. After identifying the core genes (hub genes), we localized them on the chromosomes, then conducted GO 
and KEGG analyses. We further explored the degree of immune infiltration of the core genes and predicted the core 
genes’ transcription factors, miRNAs, and drugs. Finally, we conducted animal experiments to validate the core genes. 
We mainly explored the gene expression using qPCR and Western blot.

Materials and Methods
Data Acquisition and Differential Gene (DEG) Analysis
Gene chip data containing UC cases were retrieved from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). Four 
datasets, GSE38713, GSE59071, GSE87465, and GSE87466, were used as training sets to obtain gene expression profile 
data and associated annotation files. Additionally, GSE48958, GSE16879, and GSE36807 were used as validation sets, 
including 52 UC cases and 27 control cases, resulting in a total of 79 samples (Table 1). The combined training set 

Table 1 GEO Datasets Used in This Study

Datasets Platform All Samples UC Control Group

GSE38713 GPL570 43 30 13 Training

GSE59071 GPL6244 108 97 11 Training

GSE87465 GPL13158 19 19 0 Training

GSE87466 GPL13158 108 87 21 Training

GSE48958 GPL6244 21 13 8 Validation

GSE16879 GPL570 36 24 12 Validation

GSE36807 GPL570 22 15 7 Validation
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(n=278, UC:Control=233:45) and validation set (n=79, UC:Control=52:27) provide >80% power to detect effect sizes 
≥0.8 (Cohen’s d) at α=0.05, as calculated by RNA-seqPower (DOI:10.1093/bioinformatics/btz435). This exceeds the 
recommended 10:1 sample-to-feature ratio for LASSO regression (screening 258 oxidative stress genes).

Principal component analysis (PCA) for differential analysis was performed using the “limma” package. Inter-batch 
differences were corrected using the “SVA” package, and the PCA plot for the four datasets was generated with the 
“ggplot” package. The “ggplot” package was also used to plot a volcano map of the common DEGs in the four GSE 
datasets, while the “pheatmap” package was used to create a heatmap. The volcano plot illustrated differential gene 
expression between UC and control groups. The criteria for identifying differential expression were |log2 fold change 
(FC)|>1 and P< 0.05, with the three dashed lines serving as cut-off thresholds.

Common DEGs from the four datasets were subjected to functional enrichment analysis using the “clusterProfiler” 
(v4.0) and “goplot” (v1.0.2) packages. For Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) analyses, we applied Benjamini-Hochberg false discovery rate (FDR) correction, retaining only terms with FDR 
< 0.05. The top 10 most significant terms (ranked by adjusted p-value) were visualized through GO gradient bubble plots 
and KEGG enrichment cluster plots. Gene set enrichment analysis (GSEA) was performed on the Hallmark gene set 
(MSigDB v7.5) using 1000 permutations, with significance determined by normalized enrichment score (|NES| > 1.5) 
and FDR q-value < 0.25, following MSigDB recommended thresholds. All enrichment results were filtered by both 
statistical significance and effect size to ensure biological relevance.

Oxidative Stress-Related Gene Screening and Machine Learning
Using “oxidative stress” as the keyword, genes related to oxidative stress (DEOSGs) were extracted from the MSigDB 
database (https://www.gsea-msigdb.org/gsea/msigdb/index.jsp). These genes were then overlapped with the DEGs 
obtained earlier to identify differentially expressed genes associated with oxidative stress (DEOSGs). A Venn diagram 
was generated using FunRich software (version 3.1.3) to visualize the intersection.

The DEOSGs gene set was subjected to LASSO regression analysis using the “glmnet” package, selected for its 
ability to perform feature selection in high-dimensional data while preventing overfitting through L1 regularization. 
Through ten-fold cross-validation, we identified the optimal λ value (0.007519232) that maintained model stability while 
preserving biological relevance, resulting in 12 key genes. This approach is particularly suited for oxidative stress studies 
where many correlated biomarkers may exist but only a subset are truly causative.

LASSO excels in dimensionality reduction and handling multicollinearity, enabling the extraction of concise 
biomarker panels (eg, 6 UC-related genes).16 Random Forest (RF) captures complex nonlinear interactions (eg, gene- 
environment interplay).17 Their combined use creates a tiered screening pipeline, overcoming limitations of PCA 
(ambiguity) and SVM (black-box nature), while balancing clinical utility and biological interpretability.18,19 This 
approach has been validated in independent cohorts.20 Therefore, this study selected LASSO and Random Forest (RF) 
as the machine learning screening methods.

Random forest analysis conducted with the ‘randomForest’ package generated a residual plot where black lines 
represented combined residuals. To determine the lowest error rate and the optimal number of stable trees as the best 
parameters, the error rate of 500 trees was calculated. The optimal tree number was determined to be 154 (minimum residual 
point). Gene importance was ranked by mean decrease in Gini index (threshold >2), yielding 13 significant genes.

The intersection of genes selected by both methods (visualized through Venn diagram) produced 6 robust biomarkers 
that were subsequently used for final model construction. This dual-filter approach ensured selection of genes with both 
strong diagnostic performance (random forest) and stable predictive value (LASSO).

Construction and Verification of Artificial Neural Network Model of DEGs
We constructed an ANN model to leverage its unique advantages in modeling complex non-linear relationships, 
hierarchical patterns, and gene-gene interactions in oxidative stress biomarkers, outperforming conventional 
classifiers.21 This model was constructed with 6 input neurons (representing the 6 hub genes) and 2 output neurons 
(classifying UC vs normal groups), by systematically adjusting the number of neurons in the hidden layer to optimize 
model performance. The entire process was implemented using the “neuralnet” and “neuralnettools” packages. Based on 
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the six genes screened earlier, when the number of neurons in the hidden layer was set to 5, the prediction accuracy of the 
model reached 0.906, and the area under the AUC curve (AUC) was 0.938. Using the ANN constructed from the training 
set connections, three independent datasets—GSE48958, GSE16879, and GSE36807—were employed for validation 
(Table 1). The ROC curves for these datasets were plotted using the “proc” package.

Expression and Functional Analysis of Characteristic Genes in the Validation Dataset
The six characteristic genes were input into the initially screened DEGs to identify expression differences between the 
control group and the model group. A scatter boxplot was generated to visualize these differences. The “corrplot” 
package was used to analyze gene expression correlations, and a correlation heatmap was created. A value exceeding 0.5 
was considered to indicate a strong coexpression relationship. The “rcircos” package was then used to generate 
a chromosome circle map, displaying the location and correlation of each gene. Following that, KEGG pathway 
enrichment analysis and Gene Ontology (GO) annotation were performed on the distinctive genes. Significant enrichment 
results were indicated by P-values less than 0.05, and the GO and KEGG results were visualized using circle plots.

Immune Infiltration of Hub Genes
Since the immune system plays a crucial role in the development and progression of ulcerative colitis, we evaluated the 
correlation between immune cells, immune-related pathways, and the characteristic genes. The “gsva” and “gseabase” 
packages in R were used for correlation analysis between the abundance of immune cells and characteristic genes, as well 
as the correlation between characteristic genes and immune processes. Additionally, the “hmisc” package was utilized to 
test the expression correlation of the six genes with HLA family molecules and chemokines.

Transcription Factor and Drug Prediction
Transcription factors (TFs) regulate gene transcription by binding to specific DNA sequence regions, thereby promoting 
or suppressing target gene expression. Through complementary pairing with mRNA, miRNAs can promote mRNA 
breakdown or decrease mRNA translation. Therefore, we conducted predictions regarding both aspects.

The Chea3 database (https://maayanlab.cloud/chea3/) integrates six databases: ENCODE, ReMap, GTEx, Enrichr, 
ARCHS4, and various ChIP databases. We calculated the average score of the characteristic genes to predict transcription 
factors (TFs), selected the top 10 TFs, and represented them in a histogram. The protein interaction relationships between 
the six genes and the top 10 potential TFs were analyzed using Cytoscape software (version 3.9.1).

For miRNA prediction, we utilized miRTarBase (https://mirtarbase.cuhk.edu.cn/~Mirtarbase/mirtarbase_2022/php/ 
index.php) to create an interaction network diagram. Based on these predictions, we employed the DGIdb website 
(https://dgidb.genome.wustl.edu/) for drug prediction, visualizing the predicted drugs and their corresponding character
istic genes in a chord diagram.

Animals
We obtained 6-8-week-old male C57BL/6J mice from Zhuhai Best Biotechnology Co. Ltd. (certificate: SCXK 
(Guangdong) 002020–0051; China). The mice were housed in six cages (3–4 mice per cage) setted in a specific 
pathogen-free (SPF) environment, with sufficient food and water provided. The environment was a 12-hour light/dark 
cycle at a temperature of 22 ± 2°C.

Construction of 3% DSS Mouse Model
Dextran sodium sulfate (DSS) (cat. 160110) was purchased from MP Biomedicals (USA), and the mesalazine enteric- 
coated tablets (Salofalk) used were produced by Losan Pharma GmbH. Isoflurane was purchased from Shenzhen RWD 
Life Science Co., Ltd.

Following three days of acclimatization, 23 mice were randomly assigned using a random number table into three 
groups: 7 in the normal control group, 9 in the 3% DSS group, and 7 in the 3% DSS + mesalazine group. To maintain 
blinding, the researcher responsible for DSS administration and drug treatment was different from the investigator 
performing disease activity index (DAI) scoring, with the latter remaining unaware of group assignments throughout the 
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study. The mice in the normal group drank purified water, those in the 3% DSS group drank 3% DSS, and the 3% DSS + 
mesalazine group was gavaged daily with 0.2 mL of mesalazine (100 mg/kg) while receiving 3% DSS. Mice were 
monitored daily for weight, fecal traits, and occult blood scores. The average score of these three parameters was 
calculated as the DAI score (Table 2).22 On the sixth day of DSS administration, the DSS solution was replaced with 
water for both treatment groups, and the mice were sacrificed on day 7 following anesthesia with isoflurane.

HE Staining
A 0.3–0.5 cm segment of colon tissue was excised from 1 cm above the anus, soaked in 4% paraformaldehyde solution, and 
fixed for over 24 hours. The fixed sample was embedded in paraffin, and the entire wax block was sectioned into thin slices and 
mounted on glass slides. After dewaxing, the sections were stained with hematoxylin and eosin (HE). Images were captured 
using a Nikon microscope (Nikon Eclipse 80i) and evaluated based on the colon pathology score (Table 3).23

qPCR of Core Genes in Ulcerative Colitis Mice
RNA was extracted from mouse colon tissue using the Trizol method, followed by reverse transcription to obtain cDNA with the 
Reverse Transcription Kit (Abclonal, Wuhan, China). QPCR primers (Table 4) were designed via Primer-BLAST. The core 
parameters for Primer-BLAST should balance amplification efficiency and specificity: Product size 80–200 bp (for qPCR 
efficiency 90–110%), primer Tm 58–62°C (ΔTm≤2°C), GC content 40–60%, with mandatory exon-exon junction spanning to 
avoid gDNA contamination. Specificity checks require RefSeq mRNA database alignment, allowing ≤3 mismatches (≤2 
consecutive) while excluding dimers (ΔG> −5 kcal/mol) and hairpins (stem-loop≤3 bp). Clinical studies must additionally 
account for common SNPs. The qPCR process was carried out using β-actin as the internal reference gene, cDNA as the 
template, SYBR Green qPCR mix (Abclonal, Wuhan, China), primers, and water. Reactions used SYBR Green Master Mix 
under standard cycling conditions (95°C/10min → [95°C/15s → 60°C/1min]×40).

Table 2 DAI Scores

Score Weight Loss (W%) Stool Consistency Occult Blood Score

0 W=0 Normal None

1 1≤W<5 Formed soft stools +

2 5≤W<10 Loose stools ++

3 10≤W<15 Diarrhea +++

4 W≥ 15 Watery stool Bloody stool

Notes: +,++,+++ were based on the Fecal Occult Blood kit (paper test, Zhuhai Beso 
Biotechnology Co). Adapted from Qu Y, Li X, Xu F, et al. Kaempferol alleviates murine experi
mental colitis by restoring gut microbiota and inhibiting the LPS-TLR4-NF-κB axis. Front Immunol. 
2021;12:679897. Creative.22

Table 3 Histopathological Scoring of Ulcerative colitis23

Score Depth of Inflammatory Infiltration (I) Extent of Epithelial Tissue Damage (E)

0 None Normal

1 Around the base of the crypt Loss of goblet cells;

2 L.muscularis mucosae Massive loss of goblet cells

3 Extensive infiltration into L.muscularis mucosae with oedema and mucosal thickening. Loss of crypts

4 Infiltration of the L. submucosa Massive loss of crypts

Notes: Total scores=I+E. Adapted from Qu Y, Li X, Xu F, et al. Kaempferol alleviates murine experimental colitis by restoring gut microbiota and inhibiting the LPS-TLR4- 
NF-κB axis. Front Immunol. 2021;12:679897. Creative Commons.22
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Western Blot Results
An equal amount of colonic mucosa tissue was extracted, and RIPA lysis buffer containing 1% PMSF and 1% protease 
inhibitors was added. Small enzyme-free steel balls were added to homogenize the slurry, followed by centrifugation at 
12,000 rpm for 10 minutes. The supernatant was collected, and the protein concentration was measured using the BCA Kit 
(Biosharp, Beijing, China). SDS-PAGE loading buffer 5×(with DTT) (Beijing Solarbio Science & Technology Co. Ltd., 
China) was added, mixed, and the samples were boiled for 10–15 minutes. The denatured protein samples were electro
phoresed, transferred to membranes, and blocked with 5% skim milk for 1 hour. Primary antibodies GAPDH (1:5000, 
60,004-1-Ig, Proteintech, Wuhan, China), DUOX2 (1:1000, M029894, Abmart, Shanghai, China), ETFDH (1:1000, 
11,109-1-AP, Proteintech, Wuhan, China), GPX8 (1:1000, 16,846-1-AP, Proteintech, Wuhan, China), ITGA5 (1:1000, 
Abclonal), NPY (1:1000, 12,833-1-AP, Proteintech, Wuhan, China), and PDK2 (1:1000, 15,647-1-AP, Proteintech, Wuhan, 
China) were added and incubated overnight at 4°C. After washing the membranes with TBST, goat secondary antibodies 
were incubated at room temperature for 1 hour. Following another wash, the membranes were developed with ECST.

Statistical Analysis
R (version 4.2.1) was used for all machine learning studies and visualizations. GraphPad Prism software (version 9.5.0, San 
Diego, CA, USA) was used to examine the experimental data, and one-way analysis of variance (ANOVA) was employed 
for comparison. The statistical significance threshold was set at p < 0.05, and the data are displayed as mean ± SEM.

Results
Differential Expressed Genes (DEGs) Obtained From Differential Analysis
The flow chart of data screening process is shown in Figure 1. Four sets of ulcerative colitis-related datasets were 
retrieved from the GEO database (https://www.ncbi.nlm.nih.gov/geo/), including GSE38713, GSE59071, GSE87465, and 
GSE87466, amounting to a total of 278 samples and 233 UC cases (Table 1). A principal component analysis (PCA) was 
performed on the gene expression profile data of the four groups (Figure 2a). It was found that the datasets in each group 
were widely distributed, and the batch effect was obvious, which was not suitable for subsequent analysis. After the data 
were de-batched, the PCA plot was created again (Figure 2b). This time, the coincidence degree between samples in the 
dataset was high, indicating suitability for subsequent differential gene analysis.

Table 4 Primer Sequences for qPCR

Gene Primer 5’ to 3’

DUOX2 Forward AAGTTCAAGCAGTACAAGCGAT

Reverse TAGGCACGGTCTGCAAACAG

ETFDH Forward GTGCGACTAACCAAGCTGTC

Reverse GGATGAACAGTGTAGTGAGTGG

GPX8 Forward CCTTTCGCTGCCTACCCATTA

Reverse GAGTAGAAGCTGTTGGTTCTCG

ITGA5 Forward CTTCTCCGTGGAGTTTTACCG

Reverse GCTGTCAAATTGAATGGTGGTG

NPY Forward ATGCTAGGTAACAAGCGAATGG

Reverse TGTCGCAGAGCGGAGTAGTAT

PDK2 Forward AGGGGCACCCAAGTACATC

Reverse TGCCGGAGGAAAGTGAATGAC
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The differential genes in the four datasets were screened based on |log2 fold change (FC) | > 1 and P <0.05 and 
displayed in a volcano plot (Figure 2c). A total of 562 differential expressed genes (DEGs) met the requirements, 353 
genes were upregulated in UC, and 209 genes were downregulated. DEGs were displayed with a heatmap (Figure 2d).

Enrichment Analysis of DEGs
We performed GO analysis on the DEGs (Figure 3a) and annotated the top 10 results. We found that the top 10 biological 
processes (BPs) were basically enriched in the same process, focusing on anti-inflammatory related fields such as 
leukocyte migration and chemotaxis, neutrophil migration and chemotaxis, and response to bacterial derived molecules. 
In terms of cellular components (CCs), collagen-containing extracellular matrix played a very important role in the 
process of UC. For molecular function (MF), extracellular matrix structural components and chemokine activity ranked 
high. UC was also closely related to serine protease activity.

DEGs were subjected to KEGG analysis (Figure 3b), and the top ten signaling pathways were displayed according to 
the corrected p-value. Different colors in the lower circle represent different signaling pathways, and each grid in the 
inner circle represents a gene, where red is the upregulated gene and blue is the downregulated gene. It can be seen from 
the inner circle that the DEGs were mainly upregulated, and DEGs were significantly enriched in the signal pathways, 
such as viral protein interaction with cytokines and cytokine receptors, the IL-17 signaling pathway, and the TNF 
signaling pathway.

The dataset (hallmark gene set) used for GSEA analysis (Figure 3c) was derived from the msigdb database (https:// 
www.gsea-msigdb.org/gsea/msigdb/index.jsp), which includes 50 of the most classical biological processes and signaling 
pathways. The top ten pathways are displayed according to the size of “GeneRatio”. From the figure, we can see that the 
oxidative phosphorylation pathway was the most enriched, and DEGs downregulated the expression of this pathway. The 
pathways of inflammatory response were upregulated.

Screening Oxidative Stress-Related Genes and Machine Learning
From the MSigDB database (https://www.gsea-msigdb.org/gsea/msigdb/index.jsp), 802 genes related to oxidative stress 
were extracted. Taking the intersection of these genes with 562 DEGs, 35 differentially expressed genes related to 
oxidative stress (DEOSGs) were obtained (Figure 4a). These 35 DEOSGs were analyzed using LASSO regression. When 

Figure 1 Flow chart of this study.
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the λ value was minimized, six genes were identified (Figure 4b and c). Seven genes were effectively identified by means 
of ten-fold cross validation with the random forest (RF) algorithm (Figure 4d and e). Taking the intersection of these two 
results, we obtained six hub genes (Figure 4f), namely DUOX2, ETFDH, GPX8, ITGA5, NPY, and PDK2.

Validation of Hub Genes by Constructing Artificial Neural Network Models
We used the obtained hub genes to build an artificial neural network model (ANN). The input layer neurons consisted of 
six diagnostic genes, the output layer neurons were divided into two groups (UC and normal group), and the middle layer 
was hidden. According to the modeling results, the model performed the best when the hidden layer was five neurons 
(Figure 5a). We selected three independent validation sets, namely GSE48958, GSE16879, and GSE36807. The ROC 
curve modeled by the training set was used to evaluate the discrimination and sensitivity of the model. The AUC of the 
area under the curve was 0.938, indicating high performance. The ROC curves of the three validation sets C-E proved the 
stability of the model (Figure 5b–e).

Figure 2 Data acquisition and pre-processing. (a) PCA analysis prior to de-batching. (b) PCA analysis after de-batching. (c) Volcano map of DEGs.(d) Heatmap of DEGs.
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Expression and Function Analysis of Hub Genes
We verified the six hub genes in three independent datasets, GSE48958, GSE16879, and GSE36807, and found that there 
were significant expression differences between the UC group and control group (Figure 6a). In contrast to the control 
group, DUOX2, GPX8, and ITGA5 upregulated the expression of UC, while ETFDH, NPY, and PDK2 downregulated 
expression. According to the correlation heatmap, DUOX2, GPX8, and ITGA5 were positively correlated, while 
ETFDH, NPY, and PDK2 were negatively correlated (Figure 6b). The six hub genes were mapped on chromosomes 

Figure 3 Enrichment analysis of DEGs. (a) GO results are shown as a gradient bubble chart. A positive z-score means that differential gene enrichment to that biological 
process is a positively correlated enrichment. Larger bubbles represent larger and more significant corrected p-values. (b) Results of KEGG are depicted on circle charts. (c) 
GSEA is presented in the form of a bubble chart.
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as follows: GPX8, IGTA5, DUOX2, and PDK2 are located on chromosomes 5,12,15, and 17, respectively. ETFDH and 
NPY were found to be highly linked on chromosome 4, indicating that these two genes are more likely to be transmitted 
or expressed together (Figure 6c).

The six genes were analyzed with GO analysis (Figure 6d). When evaluating the biological processes, the results 
showed that the core genes were significantly enhanced in “response to oxidative stress”. These genes were shown to be 
enriched in the cellular components of “NADPH oxidase complex” and “oxidase complex” and play an important role in 
molecular processes such as “superoxide generating NAD (P) H oxidase activity”. In KEGG results, DUOX2 and GPX8 
were enriched in thyroid hormone synthesis, which was the first pathway (Figure 6e).

Hub Genes are Significantly Associated with Most Immune Cells and Immune Related 
Processes
Based on the core gene data, the enrichment scores of 16 immune cells and 13 immune-related processes were computed, 
and a correlation heatmap was created based on the enrichment score and gene expression level. P < 0.05 represented 
statistical significance (Figure 7a and b). The image shows that the majority of immune cells and immune-related 
activities were strongly correlated with the six core genes. When immunological expression patterns of DUOX2, GPX8, 
and ITGA5 were consistent, ETFDH, NPY, and PDK2 also had similar expression.

There is much potential for immunotherapy to treat UC in the future. HLA types and chemokines may play a key role 
in the effectiveness and tolerability of immunotherapy. Analyzing the expression of core genes can provide important 
information for disease prediction and treatment. From the figure below (Figure 7c and d), we can see that the enrichment 
trends seen in the six hub genes in the HLA family of molecules and chemokines were roughly the same as those shown 
in the figure below.

Figure 4 Characterized gene screening and machine learning. (a) Wayne diagrams for intersections of genes screened by means of LASSO and RF.(b) LASSO regression 
model. (c) LASSO regression ten-fold cross validation. (d) Random forest residual plot; red represents the diagnostic efficacy residuals of genes in disease, green represents 
those of controls, and black is the combined residuals of the first two. (e) Results of the Gini coefficient method in random forest classification. The horizontal coordinate is 
the importance index, and the vertical coordinate is the genetic variable. (f) Wayne plots of gene intersections predicted by means of RF and LASSO.
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Transcription Factor (TF), miRNA Prediction and Drug Prediction
We predicted the potential transcription factors of core genes based on six databases, including ENCODE, ReMap, GTEx, 
Enrichr, ARCHS4, and Literature ChIP, and selected the top 10 transcription factors—ZNF469, TWIST2, PRRX1, FOXD1, 
RFX8, SNAI2, TWIST1, PRRX2, ELK3, and TEAD3 (Figure 8a). The 10 transcription factors and core genes were used to 
construct a protein interaction network (Figure 8b). In addition, we also predicted the interaction between hub genes and human 
miRNAs (Figure 8c). We used the DGIdb (https://dgidb.genome.wustl.edu/) website, combined with the core genes, to predict 
the following 13 drugs associated with ITGA5, NPY, and ETFDH: methylphenidate, cilengitide, cilmostim, dimethyl sulfide, 
etaracizumab, glpg-0187, pf-04605412, volaciximab, bromocriptine, ether, haloperidoi, k-252a, and rosiglitazone (Figure 8d).

Animal Experimental Validation
Three groups of C57BL/6J mice were randomly assigned to a control group, a 3% DSS model group, and a mesalazine- 
positive medication group. After adaptive feeding for 3 days, the model group and the positive drug group drank 3% DSS 
freely every day, while the control group drank normally every day. The positive drug group was gavaged with 0.2 mL 
mesalazine (100 mg/kg) every day. Blood, colon, feces, and other samples were collected on day 9 (Figure 9a). The 
broken line chart of the daily disease activity index (DAI) (Table 2) is shown in Figure 9b. There was a significant 
difference between the model group and the control group (P < 0.05), and there was no significant difference between the 
drug treatment group and the control group. The DSS administration group showed significantly reduced colon length 
and increased colon and spleen indices. At the same time, the drug treatment group showed a significantly reduced colon 
index (Figure 9c and d). The above conclusions show that the control group mice and DSS-induced ulcerative colitis 
mice showed significant differences in mucosal ulcer, bleeding, diarrhea, inflammation, and other pathological aspects.

Figure 5 Validation of hub genes using artificial neural network models. (a) Artificial neural network modeling of DEGs. (b) ROC curve analysis of the training groups.(AUC: 
0.938,95% CI: 0.913−0.960) (c) ROC curve analysis of the GSE48958.(AUC: 0.837,95% CI: 0.587−1.000) (d) ROC curve analysis of the GSE16879(AUC: 0.938,95% CI: 0.875 
−0.986) (e) ROC curve analysis of the GSE36807 datasets.(AUC: 0.718,95% CI: 0.580−0.841).
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Figure 6 Expression and functional analysis of hub genes in the dataset. (a) External datasets validate the expression of hub genes. ***, p < 0.001. (b) Heatmap for 
correlation analysis of hub genes. (c) Chromosomal localization of hub genes. (d) GO analysis of hub genes (earthy yellow for CC, green for MF, blue for BP). (e) KEGG 
analysis of hub genes.
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Figure 7 Immune infiltration of hub genes. (a) Heatmap of correlation between six hub genes and immune cell types. (b) Heatmap of correlation between six hub genes and 
immune-related processes. (c) Heatmap of expression correlation of hub genes with HLA family molecules. (d) Heatmap of correlation between expression of hub genes 
and chemokines. * p<0.05;** p<0.01;*** p<0.001.
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HE Staining and Colon Pathological Scores
The pathological changes in colonic tissues were analyzed using HE staining and the colonic pathological score. 
Referring to the study by Obermeier et al19. The model group showed obvious ulceration of the colonic mucosal 
structure, a decreased number of goblet cells, a loss of crypt structure, and obvious infiltration of inflammatory cells, 
while the positive drug group was improved compared with the model group (Figure 9e and f).

qPCR of Core Genes in Ulcerative Colitis Mice
To verify the six core genes, we performed qPCR on the colonic mucosa of mice (Figure 9g). The findings demonstrated 
that the expression of the DUOX2 and ITGA5 genes in the model group were upregulated, while GPX8, ETFDH, NPY, 
and PDK2 genes were downregulated. The results of GPX8 were inconsistent with those of the dataset validation, which 
may be due to species differences or treatment time points, Mesalazine may not be able to reverse the trend in gene 
expression in the model group, and more data are needed to assist validation.

Western Blot Results
By detecting the Western blot of mouse colonic mucosa, we observed that the UC model group indeed upregulated the 
expression of DUOX2, GPX8, and ITGA5 and downregulated the expression of ETFDH, NPY, and PDK2 (Figure 9h).

Figure 8 Transcription factors, miRNAs, and drug prediction. (a) Weighted Library Contribution to integrated MeanRank TF Ranks.Histogram of six major databases 
collectively predicting potential transcription factors for six hub genes. (b) Protein–protein interaction networks between the top ten potential transcription factors and the 
hub genes. (c) Interaction network diagram of six hub genes with predicted miRNAs. (d) Six hub genes with predicted drugs, shown in sankey diagrams.
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Figure 9 Animal experimental validation of hub genes. (a) Experimental design of DSS-induced colitis in mice. (b) Disease activity index (DAI) for each group of mice. (c) HE 
staining of the lower end of the colon. (d) Histopathological scoring of ulcerative colitis. (e) From left to right: bar graphs of colon length, colon index, and spleen index, 
respectively. (f) Colon length in each group of mice (Unit: cm). (g) qPCR validation of hub genes. (h) Western blot validation of hub genes. (In Figures d,e and g,results are 
expressed as mean±SEM; n≥ 6 for each treatment. ns—no significance, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001).
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Discussion
UC is defined as chronic, refractory inflammation of the colon, primarily characterized by mucus and bloody stools, with 
a high tendency for recurrence. Modern medical treatments can alleviate symptoms but cannot cure the disease. Surgical 
resection of the colon significantly impacts patients’ quality of life. Besides gastrointestinal symptoms, diagnosis 
primarily relies on pathological findings after a colonoscopy.24,25 This invasive diagnostic method is highly inconvenient, 
and no specific diagnostic marker exists for ulcerative colitis. Therefore, further exploration of biomarkers is essential to 
aid in diagnosing ulcerative colitis, which may also lead to the identification of therapeutic targets.

We first selected four data groups from the GEO database and analyzed the differential genes after correcting for batch 
effects. A total of 562 differentially expressed genes (DEGs) met the criteria. We conducted GO analysis, KEGG analysis, and 
GSEA on these genes to understand the biological processes and related pathways, particularly those enriched in the 
inflammatory response. Next, we intersected oxidative stress-related genes with DEGs and identified 35 consensus genes 
(DEOSGs). Using LASSO regression and random forest (RF) algorithms, we narrowed the scope to six and seven genes, took 
the intersection and identified 6 common genes: DUOX2, ETFDH, GPX8, ITGA5, NPY, and PDK2, which we considered 
core genes. Subsequently, we constructed an artificial neural network model and validated the core genes using ROC analysis 
with three additional GEO datasets. The expression of these six genes in these datasets showed significant differences 
(Figure 6a, ***p < 0.001). DUOX2, GPX8, and ITGA5 were upregulated in UC, while ETFDH, NPY, and PDK2 were 
downregulated. GO analysis revealed that these genes are enriched in NADPH oxidase-related molecules and biological 
processes, consistent with our screening of oxidative stress-related genes. In KEGG analysis, thyroid hormone synthesis was 
the top enriched pathway, primarily involving DUOX2 and GPX8. To mitigate overfitting risks in our machine learning 
models (LASSO, random forest), we employed 10-fold cross-validation during training and validated the final biomarker 
panel in three independent GEO datasets. However, we agree that larger cohorts are needed to improve generalizability.

Immune infiltration plays a crucial role in the pathogenesis of ulcerative colitis. Although the specific pathogenic 
mechanisms of ulcerative colitis remain unclear, studies have shown that once the colonic mucosal barrier is disrupted, 
innate immunity is activated, and adaptive immunity becomes dysregulated. The abnormal activation and infiltration of 
T cells and other immune cells subject the intestinal mucosa to continuous immune attacks, leading to ulcer formation 
and mucosal damage.7 We calculated the relative enrichment scores of six core genes across 16 immune cell types and 13 
immune-related processes. The results indicate that these six core genes are significantly correlated with most immune 
cells and immune-related processes. DUOX2, GPX8, and ITGA5 showed positive correlations, while ETFDH, NPY, and 
PDK2 exhibited negative correlations. Among them, ITGA5 was found to be particularly strongly associated with 
immune cells, including ADCs, macrophages, neutrophils, Th1 cells, TILs, and Tregs. Additionally, it is enriched in 
immune processes such as CCR, inflammation promotion, parainflammation, and the type II IFN response. The immune 
infiltration results suggest that these six core genes are closely linked to immune cells and processes, making them highly 
promising targets for immune-related diagnosis and treatment in ulcerative colitis.

In addition, we performed transcription factor prediction and constructed a protein network interaction (PPI) using six 
databases. The top 10 transcription factors identified were ZNF469, Twist2, PRRX1, FoxD1, RFX8, Snai2, Twist1, 
PRRX2, Elk3, and TEAD3, providing a foundation for further research. We also predicted 13 drugs associated with 
ITGA5, NPY, and ETFDH, including methylphenidate, Cilengitide, Cilmotim, dimethyl sulfoxide, etaracizumab, GLPG- 
0187, PF-04605412, volociximab, bromocriptine, ether, haloperidol, K-252A, and rosiglitazone. These drugs have not 
yet been shown to be related to the treatment of ulcerative colitis, requiring further investigation.

To verify our findings in a mouse model, we selected mesalazine, a classic 5-aminosalicylic acid drug, to create a treatment 
group and used 3% DSS to establish the model group. These were compared to a control group. Samples were collected 7 days 
after modeling and treatment. Based on the results of colon length, spleen index, colon index, and HE staining, the colitis 
model was successfully established. We performed qPCR analysis on colonic mucosa and found that DUOX2 and ITGA5 
were upregulated, while the other four genes were downregulated in ulcerative colitis (UC). Except for GPX8, the expression 
trends of the other genes were consistent with those observed in the previous dataset (Figure 6a), confirming the reliability of 
the previous analysis. Additionally, a Western blot analysis of the colon mucosa showed results consistent with the previous 
findings. DUOX2, GPX8, and ITGA5 were upregulated in UC, while ETFDH, NPY, and PDK2 were downregulated.
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DUOX2, a protein located in the endoplasmic reticulum and cell membrane, is primarily responsible for encoding 
dual oxidase 2. Previous studies have shown that increased DUOX2 expression elevates the risk of inflammatory bowel 
disease (IBD).26 DUOX2 has also been implicated in the generation of reactive oxygen species (ROS), where dysregula
tion of ROS levels may be a contributing factor to IBD.27 Large-scale hydrogen peroxide production by DUOX2 and its 
maturation factor Duoxa2 can enhance ROS-induced genetic damage, potentially resulting in ulcerative colitis (UC) and 
associated colorectal cancer.28 Current bioinformatics analyses of other datasets suggest that DUOX2 could serve as 
a potential biomarker for the diagnosis and treatment of UC.29

ITGA5, a heterodimeric integral membrane protein involved in cell surface adhesion and signaling, is a member of the 
integrin alpha chain family. It binds to extracellular matrix proteins and plays a crucial role in cell adhesion, extracellular 
matrix interactions, and tumor progression.30,31 ITGA5 is actively involved in the immune pathogenesis of ulcerative colitis 
(UC) and plays a key role in its development. Zongbiao Tan et al32 identified high expression of ITGA5 in the colonic 
mucosa of UC patients through machine learning, and this was confirmed by means of immunohistochemistry.

Additionally, ITGA5 has been shown to be overexpressed in various gastrointestinal tumors and to significantly 
correlate with immune infiltration and poor prognosis.31 The association between ITGA5 and immune cell infiltration 
may be related to its role in fibroblasts regulating immune cell recruitment and function.33 In summary, ITGA5 is 
a biomarker with substantial potential in both UC and gastrointestinal tumors.

ETFDH is primarily located in mitochondria, and mutations in this gene are a known cause of glutaric acidemia type 
II (GA II), an autosomal recessive disorder.34 This condition, also called multiple acyl-CoA dehydrogenase deficiency 
(MADD), can also result from mutations in the ETFA and ETFB genes.35 The symptoms caused by mutations in these 
genes vary, but ETFDH mutations are associated with weight loss, episodic weakness, rhabdomyolysis, exercise 
intolerance, hepatomegaly, and gastrointestinal symptoms.36,37 The ETFDH gene is also involved in fat metabolism in 
the liver, where it can be induced by fasting and PPARα agonists to participate in the initial step of long-chain fatty acid 
(LCFA) β-oxidation in liver mitochondria, thereby improving LCFA utilization.38,39 Other studies have shown that 
ETFDH expression is significantly reduced in hepatocellular carcinoma (HCC), and it may become an independent 
biomarker for detection.37 Currently, no studies have explored the association between ETFDH and ulcerative colitis. In 
the validation dataset of this study, the ETFDH gene was lowly expressed in UC patients. In the qPCR and Western 
blot(WB) results of mouse colonic mucosa, the expression was decreased in the model group compared to the control 
group. This result indicates that the animal experiments are consistent with the results of data validation.

GPX8 is a non-specific antioxidant enzyme primarily located in the endoplasmic reticulum and plays a key role in 
protecting cells from oxidative stress. It regulates redox balance, shields cells from oxidative damage, and is crucial for 
antioxidation.40 Studies have demonstrated that H2O2 generated during the oxidative folding of endoplasmic reticulum 
proteins controls the signal transduction of nuclear factor E2-related factor 2 (Nrf2), forming the oxidative protein 
folding-Nrf2-ER calcium axis, which in turn controls downstream glutathione peroxidase 8 (GPX8) expression and 
reduces oxidative stress.41 GPX8 is aberrantly expressed in various tumor tissues, including breast cancer, gastric cancer, 
and lung cancer.42–44 This indicates that GPX8 may have a significant role in tumor migration, invasion, and immune 
microenvironment regulation. Studies have also revealed that GPX8 exhibits low expression in the colon tissue of 
ulcerative colitis patients and protects against colitis by inhibiting caspase-4/11 activation.45 However, in the dataset 
validation and WB validation of this study, GPX8 was highly expressed in colitis and lowly expressed in qPCR results. 
The increased expression of the anti-oxidative stress proteins in ulcerative colitis (UC) may be mainly due to the 
enhanced oxidative stress in UC patients, which leads to the upregulation of the expression of anti-oxidative stress 
proteins in response to this imbalance. The qPCR results may be explained by the small sample size. However, the reason 
for the difference and the specific mechanism need to be further explored.

PDK2 is a mitochondria-related gene. In the tricarboxylic acid cycle, pyruvate dehydrogenase kinase (PDK) inhibits 
pyruvate dehydrogenase, thereby hindering the conversion of pyruvate to acetyl-CoA. This mechanism has also been 
studied in the context of tumor suppression.46 Research has shown that the expression of PDK2 is reduced in colon tissue 
induced by DSS, and PDK2 is involved in immune response regulation, showing a negative correlation with M1 
macrophage infiltration.47 The development of ulcerative colitis (UC) is significantly influenced by mitochondria. 
Because mitochondrial dysfunction affects ATP levels, mitochondrial reactive oxygen species (mtROS), mitochondrial 

Journal of Inflammation Research 2025:18                                                                                          https://doi.org/10.2147/JIR.S520874                                                                                                                                                                                                                                                                                                                                                                                                 11431

Duan et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



damage-associated molecular patterns (DAMPs), and immunological function, it has a substantial impact on the onset 
and course of ulcerative colitis.48 These findings suggest that targeting mitochondria could be a therapeutic strategy for 
improving UC by reducing ROS production and oxidative damage.49

Neuropeptide Y (NPY) is a potent regulator of intestinal immune function. Through five G protein-coupled receptors 
(Y1, Y2, Y4, Y5, and Y6), it regulates physiological functions such as appetite, mood, and pain in the central nervous 
system, as well as vasoconstriction, immune response, and metabolism in peripheral tissues.50 A study showed that LPS 
can activate suprarenal and celiac ganglia (SrG-CG) neurons and upregulate NPY expression in rats. In a neuron and 
splenocyte coculture system and in vivo experiments, neuronal NPY in SrG-CG attenuated the splenic immune response. 
These suggested that NPY might be utilized to alleviate inflammatory storms during infection and to modulate immune 
balance in autoimmune diseases.51 A 2024 study published in Gut Microbes demonstrated that fecal transplantation from 
UC patients into mice led to a significant reduction in NPY levels in the colon, plasma, and hippocampus of the mice.52 

In this study, NPY gene expression was significantly lower in UC compared to the control group, indicating its 
downregulation in UC, which is consistent with animal experiment findings.

According to the results of our study of six genes, ITGA5 and DUOX2 are highly expressed in UC. DUOX2 and 
GPX8 are associated with oxidative stress. In previous studies, GPX8 acted as an antioxidant in UC while DUOX2 
increased ROS production. ITGA5 is a hub gene related to immune infiltration in UC, which plays a catalytic role in the 
development of colitis. ETFDH and PDK2, both mitochondria-related genes, are expressed at low levels in UC. 
Currently, there are numerous studies on PDK2, but research on the ETFDH gene mainly focuses on MADD, with 
limited studies investigating the relationship between ETFDH and UC. NPY is a neurotransmitter in the brain. NPY may 
directly act on the T cells and macrophages via NPY1R and subsequently inhibit the TNF signaling pathway.50 In an 
allergic airway inflammation model, NPY exerts an anti-inflammatory role by activating NPY1R on nociceptor neurons 
to suppress their excitability and limit T cell infiltration, counteracting the pro-inflammatory reprogramming driven by 
IL-13/STAT6 signaling.53 The above studies suggest that NPY has a role in inhibiting inflammatory responses. In this 
study, NPY gene expression in the colon tissue of UC-model mice was decreased, suggesting that its expression was 
inhibited. The specific mechanisms by which these genes affect UC remain to be explored.

Limitations and Future Directions
Although we validated hub gene expression changes in vivo, the causal roles of these genes in UC pathogenesis remain 
to be explored. Future studies should employ siRNA or CRISPR-based approaches in colonic cell lines to assess 
functional effects on oxidative stress pathways. While our models demonstrated robust performance in cross-validation 
and external datasets, the sample size (n=51 per cohort) may limit generalizability. Future studies should expand training 
data and incorporate multi-center cohorts to reduce potential overfitting. The mouse model results (eg, DUOX2 
upregulation) showed statistical significance (p<0.05), but the sample size (n=6–8) may underpower subtle effects. 
A post-hoc power analysis is recommended in future work. Computational drug predictions (eg, targeting GPX8) are 
exploratory and should be validated by high-throughput screening or in vitro assays. Among the predicted 
drugs, CILENGITIDE, GLPG-0187, and ROSIGLITAZONE have documented anti-inflammatory effects via integrin 
inhibition or PPAR-γ activation, aligning with UC pathogenesis. We propose these as high-priority candidates for 
experimental validation in future studies. Next, we will detect these biomarkers in human feces and saliva to explore 
potential non-invasive biomarkers for UC.

Conclusions
Our multi-dataset analysis identified six oxidative stress-related genes (DUOX2, ETFDH, GPX8, ITGA5, NPY, PDK2) 
as potential biomarkers for ulcerative colitis (UC). DUOX2 and ITGA5 were upregulated in DSS-induced colitis, 
suggesting roles in inflammation and epithelial dysfunction, while ETFDH, PDK2, and NPY were downregulated, 
possibly reflecting metabolic and neuro-immune dysregulation. GPX8 protein increased in colonic mucosa, indicating 
an antioxidant response. Future work should validate these genes in human UC cohorts and test their functional 
mechanisms to bridge insights to translational utility.
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