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ABSTRACT 

 

Ulcerative colitis (UC) is a chronic immune-mediated disease with a growing global burden. In 

this study, bioinformatics analysis and machine learning methods were employed to screen the 

potential immune microenvironment-related feature genes. 

We identified 4 immune-related genes that are consistently dysregulated in UC and correlate 

with immune infiltration, including APOBEC3B (Apolipoprotein B mRNA Editing Enzyme 

Catalytic Subunit 3B), CXCL11, PLA2G2A, and TMEM173. Their diagnostic performance was 

verified in an external cohort and in our clinical samples. 

Then, the proportion of ambiguous clustering (PAC) successfully classified UC patients into 2 

molecular subtypes, including subtype 1 (metabolism-related subtype) and subtype 2 (immune-

related subtype). The single sample gene set enrichment analysis (ssGSEA) algorithm revealed that 

subtype 2, with a higher score, of the majority of immune cells presented a worse inflammatory 

response. 

In addition, we assessed scores of partial novel drugs querying the cMAP database and found 

that the efficacy of clinical small-molecule compounds presented different results across UC 

subtypes. These findings identify biomarkers, establish a concise immune-based classification of 

UC, and support subtype-guided therapy. 
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INTRODUCTION 

 

Ulcerative colitis (UC), the main subtype of 

inflammatory bowel disease (IBD), is characterized as a 

chronic inflammatory disease that primarily affects the 

colon and rectum. The clinical manifestations of UC 

include abdominal pain, diarrhea, bloody stools, and 

tenesmus. During follow-up, part of some UC patients 

can develop perforation, sepsis, bowel obstruction, and 

colitis-associated cancer (CAC).1,2 The etiology of UC 
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is still indeterminate. Epidemiological and experimental 

studies have shown that multiple risk factors, such as  

environmental factors, genomic alterations, intestinal 

epithelial barrier defect, and dysbacteriosis, are closely 

associated with the initiation and progression of UC.3,4 

But it cannot be ignored that UC is a chronic immune-

mediated inflammatory disease, and the complex 

interactions between the intestinal microbiota (or 

metabolites) and the host’s immune system can mainly 

promote the disease state.5,6 

The intestinal surface is constitutively exposed to an 

enormous diversity of food and microbial antigens. An 

intact intestinal barrier, including the mucosal barrier 

and different specialized epithelial cells, is able to 

separate the intestinal lumen from the lamina propria 

and protect the human intestine against the potentially 

hostile antigens. Once the intestinal barrier is injured, its 

mucosal permeability increases, which can lead to the 

migration of pathogenic toxins and microorganisms.7,8 

Subsequently, various immune cells accumulate, and 

multiple inflammatory factors are released. The 

vertebrate immune response is one of the physiological 

functions, which can be divided into innate and adaptive 

immunity, and protects the host from infections and 

injuries.9 Innate immunity is the first line of defense 

against pathogen invasion, and is enacted by different 

immune sentinel cells (e.g., monocytes, neutrophils, 

macrophages, mast cells, dendritic cells, innate 

lymphoid cells, and natural killer cells). This reaction is 

neither specific nor memorable, but rapid within a short 

time.10 Unlike innate immunity, adaptive immune 

responses involved in IBD development are more 

critical, time-consuming, precise, and complex.11 

Distinct types of regulatory immune cells, such as 

Foxp3+ regulatory T cells, suppressor T helper type 17 

cells, and regulatory B cells, can respond to the 

subsequent pathogenic infections after initial antigen-

specific stimulation, and aberration of adaptive 

immunity contributes to the potential inflammation and 

UC disease.6,12 

Currently, the therapeutic management for patients 

suffering from UC consists of the stepwise use of 5-

aminosalicylates (5-ASA), corticosteroids, 

immunomodulators, biologics, and some emerging 

pharmacotherapies.13 Despite the reduced morbidity and 

mortality over the past decades, the patient care in UC 

remains challenging. For instance, when patients are 

treated for daily clinical practice, there are still many 

patients affected by UC who do not response well to 

therapeutic drugs, and many others loss of efficacy. This 

means that a considerable proportion of UC patients still 

receive treatment failure. Due to the complex immune 

responses presented in UC, we conjectured that 

deregulation of immunity in the UC progression may 

influence the pharmacological properties, efficacy in 

specific population as well as safety.14-16 In this study, 

we selected genes based on their significant 

discriminative value in immune cell infiltration 

abundance, including APOBEC3B, CXCL11, PLA2G2A, 

and TMEM173, using machine learning methods. 

Meanwhile, the potential diagnostic role of these feature 

genes was validated in published cohorts and our 

collected samples. According to the expressing levels of 

these feature genes, we subsequently divided UC 

patients into two immune microenvironment-related 

subtypes (subtype 1 and subtype2). Finally, the cMAP 

database was employed to estimate the efficacy of 

different clinical small-molecule compounds when 

targeting these two subtypes of UC patients. These data 

may help investigators search for newly UC molecular 

classifications, and select more applicable drugs 

appropriate for personalized treatment modality. 

 

MATERIALS AND METHODS 

 

Data selection 

We conducted a comprehensive search for UC 

datasets in the Gene Expression Omnibus (GEO) 

database (https://www.ncbi.nlm.nih.gov/geo/) using the 

search term “ulcerative colitis”. Then we applied the 

following inclusion criteria to screen the datasets: (1) 

Homo sapiens as the study subject; (2) Expression 

profiling by array as the experimental method; (3) A 

minimum of 100 total samples for the discovery cohort; 

(4) Datasets obtained from different platforms. In 

addition, we excluded samples from pediatric ulcerative 

colitis (pediatric UC) to ensure the accuracy and 

consistency of our analysis. Finally, we obtained three 

datasets: GSE87466 (comprising 87 UC samples and 21 

healthy samples), GSE13367 (comprising 16 UC 

samples and 20 healthy samples), and GSE16879 

(comprising 24 UC samples and 6 healthy samples), 

respectively (Table 1). 
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Table 1. The information on microarrays included in this study. 

GEO ID Platform Samples Tissues Attribute 

GSE87466 GPL13158 87 active UC and 21 controls Mucosal Discovery set 

GSE16879 GPL570 24 active UC and 6 controls Mucosal Validation set 

GSE13367 GPL570 16 active UC and 20 controls Mucosal Validation set 

UC: ulcerative colitis. 

 
Identification of differentially Expressed Genes 

(DEGs) 

We utilized R software (version 4.2.2) and the R 

package “limma” (version 3.54.1) to identify 

differentially expressed genes (DEGs).17 A statistical 

significance threshold of adjusted p<0.05 and log 

FC>1.0 was applied. The results were graphically 

represented using volcano plots generated by the R 

packages “ggplot2” (version 3.4.1) and “ggrepel” 

(version 0.9.3). Besides, we employed TBTools (version 

1.108, available at https://github.com/CJ-

Chen/TBtools/releases/) to partially visualize the DEGs 

in the form of heatmaps. 

 

Evaluation of Immune Infiltrating Cells and 

Identification of Characteristic Immune Cells 

To explore the different distribution of immune cells 

between UC samples and healthy samples, we employed 

the CIBERSORT deconvolution algorithm.18 The 

“LM22” dataset file (leukocyte signature matrix) was 

utilized as a reference to estimate the proportion of 22 

immune cell types. Thus, we established the least 

absolute shrinkage and selection operator (LASSO) 

regression model, which was implemented using the R 

package “glmnet” (version 4.1.6) to identify the optimal 

variables.19,20 We set an iteration of 1000 and used the 

minimum criteria to determine the optimal penalty 

parameter. Finally, the non-zero coefficients were 

utilized for further analysis. 

 

Weighted Gene Co-expression Network Analysis 

(WGCNA) 

We utilized the R package “WGCNA” (version 

1.72.1) to establish a weighted gene co-expression 

network analysis (WGCNA) to identify the most 

relevant modules of characteristic immune cells.21 The 

top 15 000 genes ranked by standard deviation were 

selected as input genes. Then, we selected an appropriate 

soft threshold to ensure that the scale-free topology fit 

index exceeds 0.85. After that, we made a gene 

hierarchical clustering dendrogram to identify co-

expression modules and calculate the module eigengene, 

in which modules with a height of less than 0.25 were 

merged. Finally, we calculated the correlation between 

module eigengenes and immune cells as well as UC to 

identify the most relevant modules. 

 

Identification of Immune Microenvironment-related 

DEGs and Functional Enrichment 

To identify immune microenvironment-associated 

DEGs, we searched for immune-related genes (IRGs) 

from the InnateDB database 

(https://www.innatedb.com/), and 1225 IRGs were 

obtained. The overlapped genes of DEGs, IRGs, and 

genes from the most immune microenvironment-related 

modules were considered as immune 

microenvironment-related DEGs. Subsequently, we 

performed Gene Ontology (GO) functions enrichment 

analysis, Kyoto Encyclopedia of Genes Genomes 

(KEGG) pathways enrichment analysis, and disease 

enrichment analysis on the overlapped genes of DEGs 

and genes from immune microenvironment-related 

modules, using the online tool “Enrichr” 

(https://maayanlab.cloud/Enrichr/), to develop the 

potential roles that these genes played in. 

 

PPI Network Construction and KEGG Enrichment 

Analysis 

In order to investigate the potential connections 

among the immune microenvironment-related DEGs, 

we searched the STRING database (https://cn.string-

db.org/), which was considered a functional protein 

association network containing almost all known 

proteins, and enlarged the number of genes to get a 

general network covering all microenvironment-

associated DEGs. After that, KEGG pathways 
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enrichment analysis was performed via the online tool 

“Enrichr” to investigate the pathways in which the 

microenvironment-related DEGs were involved. 

 

Construction of Multiple Machine Learning Models 

and Identification of Feature Genes 

We established 4 machine learning models to 

identify significant genes. We constructed a LASSO 

regression model using the same method as described 

above. The support vector machine recursive feature 

elimination (SVM-RFE) algorithm, which is a 

generalized linear classifier for bivariate data based on 

supervised learning, was employed and performed by 

the R package “e1071”.22 We constructed an XGBoost 

model using the R package “caret”, in which genes with 

non-zero importance were selected for further analysis.23 

We also established a RandomForest model using the R 

package “randomForest”, in which we set the number of 

decision trees to 20 000 to obtain a stable result, and 

genes with an importance score greater than 1 were 

considered significant and were selected for further 

analysis.24 Finally, genes obtained from the intersection 

of 4 machine learning models were considered as 

potential feature genes. 

 

Validation of Feature Genes 

To ensure the robustness of our results, we utilized 

two additional datasets obtained from different platforms: 

GSE13367 and GSE16879. We compared the gene 

expression levels between UC samples and healthy 

samples in both discovery and validation cohorts, which 

were visualized in boxplots. Additionally, we established 

receiver operating characteristic (ROC) curves and 

calculated the area under the ROC curve (AUC) to 

evaluate the diagnostic values for these feature genes. 

 

Quantitative Real-time Polymerase Chain Reaction 

(qRT-PCR) 

The 57 samples for the UC and 20 human controls 

were from The First Affiliated Hospital of Soochow 

University in 2023. The biopsy of 57 samples for the UC 

group was obtained from the inflamed areas of 

ulcerative colitis patients who were in active ulcerative 

colitis, while the biopsy of 20 samples for the HC 

(Human Control) group was obtained from normal 

healthy individuals. RNA was extracted from the fresh 

frozen colonic tissues using the TRIzol reagent 

(Invitrogen, Carlsbad, CA, USA). The complementary 

DNA (cDNA) synthesis was conducted using the Prime 

Script RT Master Mix (TaKaRa, Tokyo, Japan). The 

primers, which were designed on Primer-BLAST 

(https://www.ncbi.nlm.nih.gov/tools/primer-blast/index.cgi), 

were listed as follows:  

APOBEC3B: 

forward, 5’-CGCCAGACCTACTTGTGCTAT-3’,  

reverse, 5’-CATTTGCAGCGCCTCCTTAT-3’; 

CXCL11: 

forward, 5’-GAGTGTGAAGGGCATGGCTA-3’, 

reverse, 5’-ACATGGGGAAGCCTTGAACA-3’;  

TMEM173 (STING1): 

forward, 5’-GAGTGTGTGGAGTCCTGCTC-3’, 

reverse, 5’-CTGGAGTGGGGCATCTTCTG-3’;  

PLA2G2A: 

forward, 5’-CTGTCTCCAAACAGCCTTGTG-3’, 

 reverse, 5’- CTGCTGGGTGGTCTCAACTT-3’. 

The FastStart Universal SYBR Green Master (Roche, 

Basel, Switzerland) was used for the qRT-PCR analysis, 

and the data were analyzed with the LightCycler 96 

System (Roche, Basel, Switzerland). The expression 

data of genes were normalized to GAPDH, and the 2-ΔΔCt 

method was employed to analyze the relative 

expressions of target genes. 

 

Identification of Immune Microenvironment-related 

Subtypes 

We identified immune microenvironment-related 

subtypes using the R package “ConsensusClusterPlus”. 

K value was set from 2 to 9, and the optimal K value was 

determined by the measure of proportion of ambiguous 

clustering (PAC). Our classification criteria are based on 

unsupervised clustering of the expression levels of 

identified feature genes. 

 

Single Sample Gene set Enrichment Analysis 

(ssGSEA) and Gene Set Enrichment Analysis 

(GSVA) 

To investigate the differences between immune 

microenvironment-related subtypes, we evaluated the 

enrichment scores of 28 immune cell subtypes using the 

single-sample gene set enrichment analysis (ssGSEA) 

method as previously reported25, which was realized by 

the R packages “GSEABase” and “GSVA”, and 

visualized by the R packages “pheatmap” and “ggpubr”. 

Additionally, we conducted gene set enrichment 

analysis (GSVA) to uncover the characteristics of 

subtypes.26 
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Prediction of Small-molecule Compounds 

We conducted connectivity map (cMAP) analysis to 

predict small-molecule compounds when targeting 

subtypes, and then compared the scores of the 

compounds that were used to induce or maintain 

remission of UC, containing those that proved 

efficacious with or without extensive use. Genes with 

logFC>2.0 were uploaded to the Connectivity Map 

database (cMAP, https://clue.io/). A total of 2428 

compounds of subtype 1 and 2426 compounds of 

subtype 2 were downloaded. The compounds with a 

cMAP score smaller than -90 in both subtype 1 and 

subtype 2 were considered as potential targeting 

compounds of UC. 

 

Statistical Analyses 

All statistical analyses were performed using R software 

(version 4.2.2) and Statistic Package for Social Science 

(SPSS) software (version 19.0) (IBM, Armonk, NY, 

USA). The Spearman method was used for correlation 

analysis, while the Wilcoxon rank-sum test was utilized 

for comparison analysis. The Pearson χ2 test was 

employed to compare the clinical characteristics, and 

p<0.05 was considered statistically significant. P values 

from group comparisons were adjusted for multiple 

testing using the Benjamini-Hochberg false discovery 

rate (FDR) correction implemented in the base R 

function p.adjust. 

 

RESULTS 

 

Identification of DEGs between UC and healthy 

individuals in the discovery dataset 

The workflow for our study is presented in Figure 1. 

We normalized the expression data of GSE87466, 

GSE13367, and GSE16879 using the “limma” package. 

The PCA plot revealed a significant biological 

difference on the PC1 axis between UC and healthy 

samples (Figure 2A, Supplementary Figure 1A). The 

DEGs of GSE87466 were visualized in a volcano plot, 

and a corresponding heatmap containing the top 50 up- 

and down-regulated genes was also presented in Figure 

2B–C. Similar information of GSE13367 and 

GSE16879 was also shown in supplementary files 

(Supplementary Figure S1B–C). In these 3 included data 

sets, we identified a total of 1004 (630 up- and 374 

down-regulated genes in GSE87466), 505 (403 up- and 

102 down-regulated genes in GSE13367), and 3061 

DEGs (1700 up- and 1361 down-regulated genes in 

GSE16879) in UC samples, respectively, compared to 

healthy controls. 

 

Identification of Significant Immune Cells between 

UC and Healthy Individuals 

The proportions of 22 included types of immune 

cells in UC and healthy samples were displayed in 

Figure 2D. Among them, a total of 15 types of immune-

related cells, including dendritic cells activated, mast 

cells resting, neutrophils, T cells CD4 memory 

activated, macrophages M1, macrophages M0, B cells 

naive, T cells follicular helper, T cells CD4 memory 

resting, NK cells activated, macrophages M2, mast cells 

resting, plasma cells, T cells CD8 and T cells regulator 

(Tregs), presented a significant distributing difference 

between UC samples and healthy samples (Figure 2E–

F). 10 variables had a non-zero coefficient in LASSO 

regression analysis, including macrophages M1, 

macrophages M0, mast cells activated, dendritic cells 

activated, T cells CD8, T cells CD4 memory resting, 

plasma cells, mast cells resting, NK cells activated, and 

T cells regulatory (Tregs) (Figure 3A–B). 

 

WGCNA and Identification of Feature Genes 

We established a sample cluster tree of 108 samples 

based on the top 15 000 genes ranked by standard 

deviation. 100 samples were reserved for further 

analysis, with 8 outliers being rejected. Subsequently, 

the cluster tree (Figure 3C) of 100 samples was 

established, and the scale-free topology network and 

connectivity grew optimally when the soft threshold β 

was set at 13 (Figure 3D). 30 differently colored gene 

modules were calculated, in which modules with a 

height lower than 0.25 were merged. As a result, we 

achieved 15 different colored gene modules and figured 

out the r-value between modules and types of immune 

cells. The dark turquoise module, along with the 

magenta module, was closely correlated with immune 

cells because of a statistically significant correlation 

(p<0.05) with all 10 types of immune cells (Figure 3E). 

Fortunately, our data also showed that the dark turquoise 

and magenta modules also had close relationships with 

clinical traits, with a separate r value of 0.6 and 0.78, 

respectively (Figure 3F). Afterwards, we searched and 

achieved 1227 immune-related genes from the InnateDB 

database, and the Venn analysis (DEGs, genes from 

WGCNA modules, and InnateDB database) successfully 

screened 19 key genes as potential immune 

microenvironment-related DEGs (Figure 3G). 
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PPI Network and Functional Enrichment 

We detected the expression levels of 19 immune 

microenvironment-related DEGs between UC and 

healthy controls, and all these 19 genes presented a 

statistically significant difference (Figure 4A). The PPI 

network displayed the potential interactions among the 

expanded genes of 19 immune microenvironment-

related DEGs, which might partly reveal the possible 

mechanisms of the immune response to UC (Figure 4B). 

The 19 immune microenvironment-related DEGs 

collectively engaged in the pathways of the NF-kappa B 

signaling pathway, NOD-like receptor signaling 

pathway, and TNF signaling pathway, which were 

closely linked to the development of UC 

(Supplementary Figure 2A–B). After that, we depicted 

the correlations between the 19 immune 

microenvironment-related DEGs and 22 immune cell 

subsets. The heatmap implied that most of these 19 

microenvironment-related DEGs were closely 

correlated with immune cells, except Dendritic cells 

resting and T cells CD4 naive (Figure 4C). 

Meanwhile, we also performed the enrichment 

analysis on the genes obtained from the intersections 

between DEGs and genes in dark turquoise (and 

magenta) modules. In the GO enrichment analysis, these 

genes were mainly involved in neutrophil chemotaxis, 

granulocyte chemotaxis, neutrophil migration in 

biological process, secretory granule lumen, specific 

granule lumen in cellular component, CXCR chemokine 

receptor binding, chemokine activity, CXCR3 

chemokine receptor binding, and chemokine receptor 

binding in molecular function, which revealed a strong 

chemotactic movement embedded in individual defense 

response (Figure 4D). In the KEGG pathway 

enrichment, these genes were also mainly enriched for 

some immune-related signals, such as the IL-17 

signaling pathway, cytokine-cytokine receptor 

interaction, chemokine signaling pathway, TNF 

signaling pathway, and NOD-like receptor signaling 

pathway, along with inflammation, UC, IBD, CD, and 

colitis in disease enrichment via the DisGeNET database 

(Figure 4E). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Flowchart of this study. WGCNA: weighted gene co-expression network analysis; CIBERSORT: cell-type 

identification by estimating relative subsets of RNA transcripts; LASSO: least absolute shrinkage and selection operator; 

DEGs: differentially expressed genes; PPI: protein–protein interaction; GO: Gene Ontology; KEGG: Kyoto Encyclopedia of 

Genes and Genomes; ssGSEA: single-sample gene set enrichment analysis; GSVA: gene set variation analysis; RT-PCR: 

reverse transcription polymerase chain reaction; cMAP: Connectivity Map 
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Figure 2. Evaluation of biological differences and immune cell infiltration between ulcerative colitis (UC) and healthy 

individuals in the discovery dataset. A and B. The principal component analysis (PCA) and volcano plot of the discovery cohort 

revealed a significant biological difference and differentially expressed genes (DEGs) between UC and healthy samples. C. The 

top 50 up- and down-regulated genes were presented as a heatmap. D. Barplot showed the proportions of 22 immune cells in 

the discovery dataset between UC and healthy individuals. E and F. A total of 15 types of infiltrated immune cells showed 

significant differences (The FDR *q<0.05, **q<0.01, ***q<0.001, ****q<0.0001, and ns, no significance). HC: healthy control; 

FDR: false discovery rate; q: q-value; ns: no significance; NK cells: natural killer cells; M0 macrophages: classically 

unpolarized macrophages; M1 macrophages: classically activated macrophages; M2 macrophages: alternatively activated 

macrophages; T cells CD4 memory activated: activated CD4⁺ memory T cells; T cells CD4 memory resting: resting CD4⁺ 

memory T cells; T cells CD8: CD8⁺ T cells; T cells follicular helper: follicular helper T cells; T cells gamma delta: γδ T cells; T 

cells regulatory (Tregs): regulatory T cells; B cells memory: memory B cells; B cells naïve: naïve B cells; Dendritic cells resting: 

resting dendritic cells; Dendritic cells activated: activated dendritic cells. 
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Figure 3.   Identification of ulcerative colitis (UC)-related immune cells and 19 associated genes. A. 10-fold cross-validation (10-

fold CV) of least absolute shrinkage and selection operator (LASSO) regression analysis and coefficient profiles of 10 

differentially expressed immune cells. B. Barplots showed the coefficient of 10 immune cells. C. Cluster trees after rejecting 

outliers. D. Soft threshold power screening and scale-free network construction. E. Heatmap showed the relationships between 

modules and immune cells. F. Scatterplot of gene significance in darkturquoise and magenta module, along with the value of 

correlation between modules and UC. G. Venn diagram finally identified 19 immune microenvironment-associated 

differentially expressed genes (DEGs) (1004 DEGs, 622 genes from weighted gene co-expression network analysis (WGCNA) 

modules, and 1227 genes from InnateDB database) for our further experiment. B cells memory: memory B cells; B cells naïve: 

naïve B cells; Dendritic cells activated: activated dendritic cells; Dendritic cells resting: resting dendritic cells; Macrophages 

M0: unpolarized macrophages; Macrophages M1: classically activated macrophages; Macrophages M2: alternatively activated 

macrophages; NK cells: natural killer cells; T cells CD4 memory activated: activated CD4⁺ memory T cells; T cells CD4 

memory resting: resting CD4⁺ memory T cells; T cells CD8: CD8⁺ T cells; T cells follicular helper: follicular helper T cells; T 

cells gamma delta: γδ T cells; T cells regulatory (Tregs): regulatory T cells. 
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Figure 4. Correlation and functional enrichment. A. The expression levels of 19 immune microenvironment-related genes were 

compared between ulcerative colitis (UC) and healthy individuals. B. Protein–protein interaction (PPI) network of expanded 

genes based on the 19 immune microenvironment-related genes. C. Correlations between immune cells and these 19 genes. D 

and E. Barplots showed the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment ranked 

by adjusted p value. (p<0.05, *p<0.01, **p<0.001, ***p<0.0001, and ns, no significance). Abbreviations: HC, healthy controls; 

UC, ulcerative colitis; B cells memory, memory B cells; B cells naïve, naïve B cells; Dendritic cells activated, activated dendritic 

cells; Dendritic cells resting, resting dendritic cells; Macrophages M0, unpolarized macrophages; Macrophages M1, classically 

activated macrophages; Macrophages M2, alternatively activated macrophages; NK cells, natural killer cells; T cells CD4 

memory activated, activated CD4⁺ memory T cells; T cells CD4 memory resting, resting CD4⁺ memory T cells; T cells CD8, 

CD8⁺ T cells; T cells follicular helper, follicular helper T cells; T cells gamma delta, γδ T cells; T cells regulatory (Tregs), 

regulatory. T cells. 
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Feature Genes Screened by Machine Learning 

Models 

We established four machine learning methods to 

screen the optimal variables from the 19 immune 

microenvironment-related DEGs. The importance of the 19 

genes in the XGBoost model was displayed in Figure 5A, 

of which 10 genes were considered important with a non-

zero value. Similarly, 8 optimal variables were identified 

by the SVM-RFE algorithm (Figure 5B). As to the LASSO 

regression model, the optimal penalty parameter was 

determined via the minimum criteria, and 8 non-zero 

coefficients were identified (Figure 5C–D). In addition, 9 

variables were obtained with the value of importance more 

than 1 in the Random Forest model (Figure 5E–F). 

Eventually, we identified 4 overlapping feature genes: 

APOBEC3B, CXCL11, PLA2G2A, and TMEM173 (Figure 

5G). 

 

Validation of Feature Genes 

In order to acquire a credible result, we examined the 

expression levels of feature genes between UC and 

healthy controls in both the discovery cohort and 

validation cohort. ROC curves were also calculated, and 

the area under the ROC curve (AUC) was used to 

evaluate the diagnostic values of these 4 genes in UC 

patients in these 3 cohorts. The data showed that the 

tissue mRNA expressing levels of APOBEC3B were 

significantly lower in UC patients than those in healthy 

samples, while the other 3 genes, including CXCL11, 

PLA2G2A, and TMEM173, were all up-regulated both in 

the discovery cohort (Figure 5H) and validation cohorts 

(Figure 6A–B). The AUC of these 4 feature genes was 

all more than 0.9 in the discovery cohort (Figure 5I), and 

the minimum of the AUC in the other two validation 

datasets was 0.772 (Figure 6C–D). 

Furthermore, we used our clinical results to validate 

the reliability of the above data. The method of qRT-

PCR was employed to determine the mRNA expressions 

of these 4 feature genes in our collected colonic tissues 

between UC patients and healthy individuals. 

Fortunately, our PCR data also sd the similar results that 

the tissue APOBEC3B levels in UC patients were 

significantly down-regulated, while PLA2G2A, 

CXCL11, and TMEM173 expressions were up-

regulated, compared to healthy individuals (Figure 6E). 

More importantly, the results of these 4 feature genes’ 

ROC curves were also satisfactory for diagnosis, and the 

AUCs were 0.859, 0.903, 0.883, and 0.803, respectively 

(Figure 6F). In addition, according to the median of 

expressing levels, we divided these UC clinical samples 

into high- and low-expression groups, and the 

relationships between gene expressions and clinical 

features were calculated. The data showed that these 4 

feature genes were significantly associated with some 

UC-related clinicopathological factors, such as the 

gender (APOBEC3B, p=0.046), smoking (PLA2G2A, 

p=0.028), stress (APOBEC3B, p=0.027), and Mayo 

score (APOBEC3B, p=0.008; CXCL11, p=0.038; 

TMEM173, p=0.030) (Table 2). 
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Figure 5. Feature genes screened by multiple machine learning models and their expression validation in the discovery dataset. 

A–F. Important coefficients obtained from extreme gradient boosting (XGBoost) algorithms, support vector machine–

recursive feature elimination (SVM-RFE) algorithms, least absolute shrinkage and selection operator (LASSO) regression, and 

Random Forest (RF) algorithms. G. Venn plot showed 4 feature genes among XGBoost, SVM-RFE, LASSO, and Random 

Forest algorithm. H. The tissue messenger RNA (mRNA) expressing levels of these 4 feature genes in the discovery cohort. I. 

The area under the receiver operating characteristic curve (AUC) of these 4 feature genes was calculated in the discovery 

cohort. (*p<0.05, **p<0.01, ***p<0.001, ****p<0.0001, and ns, no significance). Abbreviations: AUC: area under the receiver 

operating characteristic curve; HC: healthy controls; RF: Random Forest; SVM-RFE: support vector machine–recursive 

feature elimination; UC: ulcerative colitis; XGBoost: extreme gradient boosting 
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Figure 6. Validation of 4 feature genes in the two validation cohorts (GSE13367 and GSE16879) and our collected samples. A 

and B. The tissue messenger RNA (mRNA) expressing levels and C and D. Area under the receiver operating characteristic 

curve (AUC) of these 4 feature genes in the discovery cohorts. E. These 4 feature genes were also determined in our collected 

colonic tissues between ulcerative colitis (UC) patients and healthy individuals. F. The AUC of these 4 feature genes was also 

calculated in our collected samples. (*p<0.05, **p<0.01, ***p<0.001, ****p<0.0001, and ns, no significance). Abbreviations: 

AUC: area under the receiver operating characteristic curve; HC: healthy controls; mRNA: messenger RNA; UC: ulcerative 

colitis. 
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Table 2. Correlations between feature gene expressions and clinicopathological factors. 

Feature 

genes 

Groups Gender Median age 

(years) 

High-fat 

diet 

High-sugar 

diet 

Drinking 

milk 

Smoking 

(male) 

Stress Family 

history 

Mayo 

score 

APOBEC3B High 

expression(n=29) 

11 48 17 12 10 9 13 1 6.48 

Low 

expression(n=28) 

19 38 20 11 2 6 18 4 7.78 

p 0.046* 0.609 0.462 1 0.027 0.465 0.027* 0.328 0.008* 

CXCL11 High 

expression(n=29) 

17 39 19 8 8 5 19 4 7.62 

Low 

expression(n=28) 

13 49 18 15 4 10 12 1 6.61 

p 0.512 0.411 1 0.084 0.365 0.144 0.147 0.371 0.038* 

PLA2G2A High 

expression(n=29) 

19 39 20 9 9 4 17 4 7.41 

Low 

expression(n=28) 

11 48.5 17 14 3 11 14 1 6.82 

p 0.086 0.380 0.708 0.234 0.120 0.028* 0.699 0.371 0.146 

TMEM173 High 

expression(n=29) 

15 39 19 11 8 8 17 5 7.65 

Low 

expression(n=28) 

15 47.5 18 12 4 7 14 0 6.57 

p 1 0.638 1 0.913 0.120 1 0.699 0.067 0.030* 

*p<0.05. All these data strongly implied that these 4 genes could be considered as UC-associated feature molecules for our subsequent study. 

AUC: area under the receiver operating characteristic curve; APOBEC3B: apolipoprotein B mRNA editing enzyme catalytic subunit 3B; CDF: cumulative distribution function; 

cMAP: connectivity map; CXCL11: C-X-C motif chemokine ligand 11; FDR: false discovery rate; GO: Gene Ontology; GSVA: gene set variation analysis; HC: healthy controls; 

KEGG: Kyoto Encyclopedia of Genes and Genomes; LASSO: least absolute shrinkage and selection operator; MEK: mitogen-activated protein kinase kinase; mRNA: messenger 

RNA; PAC: proportion of ambiguous clustering; PPI: protein–protein interaction; qRT-PCR: quantitative reverse transcription polymerase chain reaction; RF: Random Forest; 

ssGSEA: single-sample gene set enrichment analysis; SVM-RFE: support vector machine–recursive feature elimination; PLA2G2A: phospholipase A2 group IIA; TMEM173: 

transmembrane protein 173; TNF: tumor necrosis factor; UC: ulcerative colitis; XGBoost: extreme gradient boosting. 
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Recognition of Immune Microenvironment-related 

Subtypes in UC Patients 

We grouped the UC samples in the discovery cohort 

using the proportion of ambiguous clustering (PAC) 

measure based on the expression data of 4 feature genes. 

K=2 was selected as the optimal value based on the 

consensus matrix, CDF plot, relative change of the CDF 

curve area, the cluster-consensus score, and the PAC 

value, for getting a minimum of 0.071 when we 

attempted to figure out the PAC value based on k values 

ranging from 2 to 9 (Figure 7A–C). Finally, we 

identified 2 subtypes (subtype1 and subtype2, 

respectively) in UC patients according to these 4 feature 

genes, and the significant expression differences of 4 

feature genes between 2 subtypes were also confirmed, 

except for APOBEC3B (Figure 7D). 

 

Immune Microenvironment Analysis and Functional 

Enrichment between two subtypes 

We estimated the scores of 28 kinds of immune cells 

between the two subtypes using the ssGSEA method, in 

which a majority of immune cells represented a 

significant difference between the two subtypes (Figure 

7E). After that, we performed GSVA analysis aiming to 

explore the different characteristics between these two 

subtypes. The evaluated scores of the categories for UC 

samples were displayed as heatmaps (Supplementary 

Figure 3A–B). As displayed in Figure 8A, the biological 

functions of subtype 2 were mainly involved in immune 

response: Defense response to symbiont, Negative 

regulation of innate immune response, Cytolytic 

granule, AIM2 inflammasome complex, CXCR3 

chemokine receptor binding, and MHC class ⅠB protein 

binding. Instead, Branching involved in prostate gland 

morphogenesis, Cellular response to acidic PH, Cellular 

water homeostasis, Corpus callosum development, 

Ciliary membrane, Egg coat, Polymerase Ⅱ CTD 

heptapeptide repeat phosphatase activity, and potassium 

channel inhibitor activity were highly enriched in 

subtype 1. The subsequent KEGG pathway enrichment 

showed a similar trend that subtype2 closely correlated 

with Human Diseases (Circulatory system) and 

Organismal Systems (immune system), while subtype1 

was connected with Metabolism (Figure 8B). These data 

demonstrated that subtype 2 might present an immune-

related subtype, while subtype 1 was only proposed as a 

metabolism-related subtype. 

Prediction of Small-molecule Compounds Targeting 

these two Subtypes of UC Patients 

We uploaded the DEGs of two subtypes compared 

with healthy controls. Different small-molecule 

compounds were predicted and evaluated when 

targeting both subtypes. As shown in Figure 8C, the 

MEK inhibitors (PD-184352 and selumetinib) achieved 

the top scores on both subtype 1 and subtype 2 among 

thousands of small-molecule compounds, which might 

imply a promising therapeutic modality for UC patients 

(Figure 8C). We also compared other compounds that 

proved efficient or novel efficient for UC patients 

between subtype 1 and subtype 2, including the JAK 

inhibitors, TNF production inhibitors, glucocorticoid 

receptor (GR) agonists, NF-κB pathway inhibitors, p38 

MAPK inhibitors, AKT inhibitors, and PI3K inhibitors. 

These predicted results provided us with novel and 

useful clues that different subtypes of UC patients 

showed different or contradictory responses to these 

included small-molecule compounds (Figure 8D). This 

data may help us make a more reasonable selection when 

these drugs are inevitably needed for UC treatments in 

the clinic. 
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Figure 7. Recognition of immune microenvironment-related subtypes in ulcerative colitis (UC) patients and differences of 

immune cell infiltration between two subtypes by proportion of ambiguous clustering (PAC) measure and single-sample gene 

set enrichment analysis (ssGSEA). A. Consensus clustering matrix when k=2. B. Consensus cumulative distribution function 

(CDF) curves when k=2 to 9. C. Consensus score of each subtype when k=2 to 6. D. The expression levels of 4 feature genes 

between subtype 1 and subtype 2. E. Box plot showed the differences of infiltrated immune cells in the discovery dataset between 

UC and normal individuals (The false discovery rate (FDR) q<0.05, *q<0.01, **q<0.001, ***q<0.0001, and ns, no significance). 

 

 

 

http://ijaai.tums.ac.ir/


T. Tang, et al. 

430/ Iran J Allergy Asthma Immunol         Vol. 25, No. 3, June 2026 
Published by Tehran University of Medical Sciences (http://ijaai.tums.ac.ir) 

 

Figure 8. Enrichment analysis and connectivity map (cMAP) analysis between two subtypes. A and B. Differences in enriched 

biological functions and leading Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways between subtypes ranked by t 

values of gene set variation analysis (GSVA) scores. C. Potential compounds (mitogen-activated protein kinase kinase (MEK) 

inhibitors) with cMAP scores less than−90 targeting both subtype 1 and subtype 2. D. cMAP scores of small-molecule 

compounds targeting related pathways proved theoretically effective on ulcerative colitis (UC) therapy. 
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DISCUSSION 

 

New data indicate that the incidence and prevalence 

of UC have significantly increased over the past 

decades, and it correspondingly places an increasing and 

inescapable global medical burden on health and social 

systems.27,28 In order to accurately diagnose UC in the 

early stage, clinical symptoms, histological analysis, and 

combined with different modern medical tests, including 

endoscopy, gastrointestinal radiography, and laboratory 

examination, are widely used. However, these routine 

tests still have some inevitable limitations.29,30 It has 

become an urgent clinical need to seek more effective 

biomarkers to improve UC diagnosis and enable 

individualizing risk stratification regarding monitoring, 

treatment, and follow-up.31 For this reason, investigators 

have uncovered many newly high-confidence molecules 

in colon tissues, plasma, stools and rectal mucus.32 For 

instance, in 2014, Van der Goten et al collected the 

colonic mucosal biopsies from 17 UC patients and 10 

normal individuals, and used microarrays to identify a 

number of miRNAs and mRNAs that are differentially 

expressed between active UC and controls.33 Zhou et al 

also systematically summarized the recent usefulness of 

miRNA for diagnosis, monitoring, and prognosis of 

UC.34 In 2022, our previous data also firstly implied that 

human-derived circular RNAs could be novel 

biomarkers that distinguished patients with UC as well 

as CAC with normal controls.35 In this study, we aimed 

to search for new biomarkers from the perspective of 

dysregulated immunity in UC. Firstly, we analyzed the 

DEGs between UC and healthy individuals in the 

discovery dataset. Meanwhile, we evaluated the 22 types 

of immune infiltrating cells in UC and healthy samples, 

and finally identified 10 variables, including 

macrophages M1, macrophages M0, mast cells 

activated, dendritic cells activated, T cells CD8, T cells 

CD4 memory resting, plasma cells, mast cells resting, 

NK cells activated, and T cells regulatory (Tregs), as 

characteristic immune cells in the UC progression, 

which had a non-zero coefficient in LASSO regression 

analysis. Subsequently, using the WGCNA, the dark 

turquoise module, along with the magenta module, was 

found to closely associate with 10 types of characteristic 

UC-related immune cells. This meant that these two 

modules possibly included some key immune-related 

genes. The Venn analysis (DEGs, genes from WGCNA 

modules, and InnateDB database) initially identified 19 

key genes as immune microenvironment-related DEGs. 

Machine learning is an interdisciplinary and machine 

learning algorithms enable machines to learn from 

massive data, recognize patterns, and make decisions 

without being explicitly programmed. Machine learning 

algorithms were applied for predicting diagnostic 

signatures in multiple diseases, including UC.36 Finally, 

four machine learning methods, including the XGBoost 

model, SVM-RFE algorithm, LASSO regression model, 

and Random Forest model, successfully helped us 

identify 4 overlapping feature genes: APOBEC3B, 

CXCL11, PLA2G2A, and TMEM173. The expression 

levels of these 4 feature genes were significantly up- or 

down-regulated in UC samples, which could also serve 

as diagnostic biomarkers in UC patients. 

Over the last centuries and decades, the classification 

of UC was primarily on the basis of the clinical 

presentations, such as the age of patients, location, and 

lesion extensions, and duration or stage of the disease. 

However, such classifications have not proven 

informative or satisfactory for predicting UC progression 

and response to treatments.37-39 Therapeutic decisions are 

mainly based on subjective evaluations of disease 

severity. Available evidence suggests that abnormal 

immune responses against the microorganisms of the 

intestinal flora have classically been considered to play a 

pivotal role during the pathogenesis of UC.6,40 Based on 

our newly identified immune-related feature genes in UC, 

a bold assumption was that specific molecular UC 

classifications might exist.41 Using the PAC measure 

based on the expression data of 4 feature genes, two stable 

subtypes (subtype1 and subtype2) were successfully 

identified. Subsequent ssGSEA analysis revealed that 

subtype 2 had higher scores for the majority of immune 

cells than subtype 1. To confirm whether subtype 2 had a 

more severe inflammatory response than subtype 1, we 

performed GSVA enrichment analysis for biological 

functions. The results showed that subtype 2 was closely 

associated with immune system and circulatory system 

diseases in KEGG analysis. The proven UC-related 

signaling pathways, such as the Toll-like receptor 

signaling pathway, NOD-like receptor signaling pathway, 

Natural killer cell-mediated cytotoxicity, Intestinal 

immune network for IgA production, Chemokine 

signaling pathway, B cell receptor signaling pathway, and 

T cell receptor signaling pathway, were significantly 

enriched in subtype 2. These results demonstrated that 

subtype 2 of UC patients presented a worse inflammatory 

response and needed to recruit excessive immune cells to 

participate in the anti-inflammatory process. 
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Over the past two decades, treatment for UC has 

dramatically improved. These anti-inflammatory agents 

included 5-ASA compounds, systemic and topical 

corticosteroids, and immunomodulators. In addition, a 

number of biologicals and small molecules have been 

explored and applied, which provide us with more 

treatment options for personalized medicine.42-45 Now 

that we had immunologically distinguished UC patients 

as subtype 1 and subtype 2, it was believed that such 

molecular classifications might affect the sensitivities of 

different anti-UC medications. Then we assessed scores 

of partial novel drugs querying the cMAP database, and 

found that the efficacy of different small-molecule 

compounds presented different results across subtypes. 

For instance, the MEK inhibitors (PD-184352 and 

selumetinib) achieved the top scores both in subtype 1 

and subtype 2, compared to thousands of other small-

molecule compounds. MEK inhibitors are promising 

therapeutic agents for UC, but they are merely inferred 

from the data and require subsequent experimental and 

clinical validation. More interestingly, even when 

including the same sub-classification of drugs, the 

small-molecule compounds presented completely 

different responses. Previous data have proved that the 

p38 MAPK signal transduction pathway plays an 

essential role in the pathogenesis of UC. Blockade of 

p38 MAPK signals was found to ameliorate 

inflammation, at least in part, by reducing secretions of 

some pro-inflammatory cytokines, suggesting that the 

p38 MAPK signaling pathway might be considered as a 

new target for UC treatment.46-48 However, in our data, 

p38 MAPK inhibitors, including SD-169, SB-202190, 

PD-169316 and CMPD-1, showed different or 

contradictory responses between subtype1 and subtype2 

of UC patients. Similar phenomena were also shown in 

other types of medications, such as the JAK inhibitors, 

TNF production inhibitors, GR agonists, NF-κB 

pathway inhibitors, AKT inhibitors, and PI3K inhibitors. 

In our previous study, SLC26A2 was negatively 

correlated with the IL-17 signaling pathway and 

positively associated with the tight junction, which led 

to abnormal immune cell infiltration and inflammatory 

injuries. According to the SLC26A2 expression, UC 

patients were divided into different subgroups. The 

potential target drugs for UC treatment, such as 

progesterone, tetradioxin, and dexamethasone, were 

initially predicted and exert anti-inflammatory effects 

via the common molecule SLC26A2.49. 

While we had previously emphasized the importance 

of these small molecules, it was important to note that 

these findings were limited to database predictions and 

still require further experimental validation. And there are 

some limitations in our study. It identified that the ROC 

of four genes (APOBEC3B, CXCL11, PLA2G2A, and 

TMEM173) ranged from 0.772 to 0.9, while the clinical 

relevance was not fully developed and lacked protein-

level validation. These signals are hypothesis-generating, 

and we plan to conduct further experimental validation, 

including patient-derived organoids or peripheral immune 

cell assays, including patient-derived organoids or 

peripheral immune cell assays. We focused on the clinical 

pathological factors of UC, with an emphasis on the 

etiological factors of UC. In subsequent studies, we will 

investigate whether these molecular subtypes are 

consistent with the endoscopic or histological criteria for 

UC or not. To translate these genes into useful diagnostic 

assays in real-world practice, several steps are necessary. 

First, large-scale validation studies should be conducted 

to confirm the association of these genes with clinical 

outcomes across diverse patient populations. Second, 

sensitive and specific detection methods need to be 

developed to accurately measure the expression levels of 

these genes in clinical samples. Third, these gene 

expression data should be integrated with other clinical 

parameters to build machine learning models that can 

predict treatment responses in ulcerative colitis patients. 

However, this process requires a substantial amount of 

sequencing data on treatment outcomes to ensure the 

model's accuracy and reliability. Therefore, it is 

recommended to gather and analyze more comprehensive 

patient data before proceeding with model development. 

In conclusion, this study firstly used bioinformatic 

predictions and experimental verification to identify 4 

immune-related feature genes: APOBEC3B, CXCL11, 

PLA2G2A, and TMEM173. These 4 genes were 

significantly up- or down-regulated in UC samples and 

could serve as satisfactory diagnostic predictors for UC 

patients. Then PAC measure of these 4 feature genes 

successfully classified UC patients into two molecular 

subtypes (subtype1 and subtype2), and the ssGSEA 

algorithm revealed that subtype2, with a higher score of 

the majority of immune cells, presented a worse 

inflammatory response. Moreover, we assessed scores of 

partial novel drugs querying the cMAP database, and 

found that the efficacy of different small-molecule 

compounds presented different results across subtypes. 

These findings will further our molecular understanding 
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of UC subtypes with a heterogeneous immune pattern and 

different responses to small-molecule compounds, which 

may provide us more new ideas and directions to 

investigate UC patients. 
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