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Background: Ulcerative colitis (UC) is a chronic inflammatory bowel disease hallmarked by dysregulated immune responses.
Current treatments often show limited efficacy, highlighting the need for novel diagnostic and therapeutic approaches.

Methods: RNA-Seq data from 495 UC patients and 320 controls (training dataset) and 389 UC patients and 209 controls (testing
dataset) were analyzed. Immune cell infiltration was assessed via the ImmuCellAl algorithm, while differential expression analysis and
WGCNA were performed to identify key immune-related genes. Moreover, machine learning models, including Random Forest and
Best Subset Selection, were used to construct and validate an optimal diagnostic framework. Lastly, the findings were further
corroborated using immunohistochemistry conducted on tissue samples from UC patients and controls.

Results: Thirteen immune cell types, including B cells, macrophages, and naive CD4+ T cells, were identified as significantly altered in
UC. Likewise, cytokines such as IL-10, TGF-f, RORy, and IL-21 exhibited abnormal expression patterns in UC tissues. WGCNA identified
three immune cell-associated gene modules, among which the MEblue, MEturquoise, and MEgrey modules were highly correlated with
aberrant immune cells. Additionally, machine learning models identified 99 candidate genes, from which an optimal diagnostic model
comprising eight crucial genes (GATA2, IL8, LAT, NOLCI1, SMARCAS, SMC3, STX10, ZMIZ1) was constructed, achieving an AUC of
0.964 in the training dataset, 0.926 in the internal test dataset, and 0.884 in the independent test dataset. Functional enrichment analysis
revealed associations with inflammatory and immune-regulatory pathways, highlighting their biological relevance. Moreover, the identified
eight genes hold translational potential for clinical diagnostics and may serve as a foundation for future precision-targeted therapies in UC.
Conclusion: This study highlights alterations in the immune microenvironment in UC and presents an accurate eight-gene diagnostic

model, offering the potential for early detection and novel therapeutic targets.

Plain Language Summary:

What is Already Known: Previous studies have established that UC involves immune dysregulation, including impaired intestinal
barrier function, immune cell infiltration, and alterations in cytokine expression. Conventional treatments primarily focus on anti-
inflammatory strategies but are often limited by relapses and a lack of durability.

What is new here: This study identifies a distinct pattern of immune cell dysregulation in UC patients, involving abnormalities in
macrophages, neutrophils, and T-cell subsets. It employs machine learning algorithms to construct diagnostic models, including an
optimal 8-gene model (GATA2, IL8, LAT, NOLC1, SMARCAS, SMC3, STX10, ZMIZ1), which demonstrates high predictive
performance (AUC of 0.964 in training datasets and 0.884 in testing datasets). Functional validation confirmed the abnormal

expression of cytokines associated with the immune imbalance in UC.
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How can this study help patient care: This research benefits clinicians, researchers, and pharmaceutical developers by providing

insights into the immunopathogenesis of UC. It highlights potential diagnostic biomarkers and therapeutic targets, aiding in the
development of precision medicine approaches for UC management.

Keywords: ulcerative colitis, immune microenvironment, machine learning, diagnostic biomarkers
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Introduction

Ulcerative colitis (UC), a form of inflammatory bowel disease (IBD), mainly affects the mucosal and submucosal layers
of the rectum and colon. Its primary symptoms include abdominal discomfort, diarrhea, and stools containing mucus,
pus, or blood. The disease is characterized by alternating episodes of remissions and relapses and affects the rectum and
sigmoid colon, predominantly in young adults aged 20—40 years old, and is a prevalent disease of the digestive system.'~
Its pathogenesis involves a complex set of etiological and pathophysiological factors, including environmental factors,
genetic variation, intestinal microbial imbalance, intestinal inflammation, immune dysregulation, etc. Despite its intricate
pathogenesis, the exact reason underlying the high prevalence of UC remains elusive. Among its contributing factors,
immune dysregulation is considered a dominant driver of the pathogenesis of UC.? The immunopathogenesis of UC can
be summarized as follows: impaired intestinal barrier function, loss of immune tolerance to intestinal antigens, marked
infiltration of adaptive immune cells into the intestinal lamina propria, alteration of the immune response, activation of
inflammatory pathways, up-regulation of the expression of proinflammatory cytokines, and an anti-inflammatory/proin-
flammatory imbalance.* Immune cells constitute an integral component of the body’s immune system, which not only
defends against foreign germs but also removes senescent or dysregulated cells. In UC patients, the immune system is
generally over-activated by various factors, with the influx of immune cells into the intestines culminating in the
destruction of intestinal tissues.” In recent years, the immune microenvironment in UC has also garnered extensive
research attention. It is a complex system containing various cell types interacting with each other, thereby forming an
orderly spatial relationship.®’

Dysregulation of the immune system influenced by genetic and environmental factors and gut microbiota is closely
associated with the progression of UC.? The intestinal immune microenvironment consists of intestinal epithelial cells,
macrophages, dendritic cells (DCs), regulatory T cells (Tregs), and inflammatory T cells, which collectively work to
maintain immune homeostasis.” Targeting the immune microenvironment may provide therapeutic benefits for UC. For
example, macrophages (M®) play a key role in the progression of UC.'® They have traditionally been categorized into
MI1® with pro-inflammatory/anti-microbial activity and M2® with anti-inflammatory/tissue repair activity."' An
increase in the proportion of M1® at pathological sites of colitis has been correlated with disease progression.'? In
addition to the inflammatory immune response exacerbated by colitis, hyperproliferation of fibroblasts and myofibro-
blasts contributes to extracellular matrix (ECM) deposition. While conventional treatment is largely based on anti-
inflammatory interventions (eg, 5-aminosalicylic acid, corticosteroids, and immunosuppressants) to alleviate symp-
toms, their clinical use is limited by the lack of long-lasting efficacy and relapse.'> Although these immunological
insights have advanced, UC diagnosis in clinical practice still relies heavily on endoscopy and non-specific biomarkers
such as CRP and fecal calprotectin, which lack disease specificity and fail to reflect immune heterogeneity. Moreover,
clinicians face difficulties in predicting disease trajectory or therapeutic response based on current diagnostic tools. To
address these challenges, recent advances have highlighted the potential of reactive oxygen species (ROS)-responsive
nanocarriers and biomimetic delivery systems to achieve localized, on-demand drug release within the inflamed
intestinal microenvironment. These systems leverage the oxidative stress characteristic of ulcerative colitis to selec-
tively activate drug release, thereby enhancing therapeutic precision and minimizing off-target effects. These emerging
strategies hold promise for integrating diagnostic markers with therapeutic modalities to enable precision medicine in
UC management.'*

In this study, we aimed to comprehensively characterize the UC immune microenvironment using RNA-seq—based
immune cell deconvolution and weighted gene co-expression network analysis (WGCNA). We further employed
machine learning algorithms to construct a diagnostic model and identify key genes with potential relevance to
immune regulation and therapeutic response (Figure 1). Overall, this study lays a foundation for expanding our
understanding of immune microenvironmental changes in UC and offers potential biomarkers for its diagnosis and

treatment.
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Figure | Workflow of the study.

Materials and Methods

Patients and Control Subjects

The RNA-Seq data of 495 UC patients and 320 healthy controls was retrieved from the GEO database under accession
number GSE177044 and used as the training dataset. Another independent testing dataset containing data on 389 UC
patients and 209 healthy controls was downloaded under accession number GSE186507 (Testing dataset 1). All FPKM
expression values were normalized using a log2 transformation.

An additional dataset was collected from The First People’s Hospital of Yunnan Province for experimental validation.
FFPE samples from 24 patients with UC and 21 healthy controls were collected between January 2022 and December 2023.
To minimize the impact of confounding variables, patients with recent immunosuppressive treatment or co-existing inflam-
matory conditions were excluded. These samples were used for subsequent HE and IHC verification (Testing dataset 2). The
FFPE samples’ ethical approval for this study was granted by the Ethics Committee of the First People’s Hospital of Yunnan
Province (KHLL2024-KY 199). Otherwise, since this study did not require any intervention or experiment related to patients,

no informed consent was required after review by the Ethics Committee of the First People’s Hospital of Yunnan Province.

Hematoxylin-Eosin (H&E) Staining and Immunohistochemistry (IHC)
Sigmoid colon tissues from 24 patients with UC and 21 healthy controls were selected according to inclusion criteria that
excluded recent anti-inflammatory or immunomodulatory treatments. All patients had no history of malignancy or other
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autoimmune disorders. The samples were sequentially fixed with 4% paraformaldehyde, paraffin-embedded, sectioned
into 4-mm-thick sections, deparaffinized, rehydrated, and stained with hematoxylin and eosin (H&E).

Next, they were incubated with primary antibodies (FOXP3 Rabbit pAb, Zenbio, catalog number 251365, 1:50
dilution; ROR gamma T Rabbit mAb, Zenbio, catalog number R50198, 1:100 dilution; TGF beta 1 Rabbit pAb, Zenbio,
catalog number 346599, 1:50 dilution; IL-10 Rabbit pAb, Zenbio, catalog number 502171, 1:50 dilution; IL-21 Antibody,
Affinity, catalog number DF4818, 1:100 dilution) overnight at 4°C. Subsequently, the sections were washed three times
with PBS and incubated with a secondary antibody (MaxvisionTM3 HRP-Polymer IHC Kit, MXB, catalog number KIT-
5220) for 30 minutes at room temperature. The staining signal was visualized using a chromogenic agent and counter-
stained with hematoxylin. After dehydration, the sections were blocked using a permanent mounting medium and
allowed to dry before observation under a microscope.

Then, microscopic counting and optical density scoring (OD) were performed to assess the expression levels of the
aforementioned antibodies in UC patients and normal controls. Regarding microscopic counting, positive cells were
quantified by manually counting the number of stained cells in five randomly selected high-power fields (HPFs, 40x
magnification) under a light microscope. The average count per HPF was recorded as the IHC Microscopic Count. For
the OD scoring, the intensity of IHC staining was semi-quantitatively evaluated using ImagelJ software. Images of stained
sections were captured under identical conditions, and the mean optical density (integrated optical density/area) was
calculated for each sample. The OD score reflects staining intensity, providing a quantitative measure of protein
expression. Both microscopic count and OD score were independently evaluated by two blinded observers to ensure
consistency and minimize subjective bias. Discrepancies were resolved by a third observer. Statistical analysis was
conducted to compare expression levels between groups.

Immune Microenvironment Analysis

ImmuCellAl a tool that estimates the abundance of 24 immune cells, was utilized to determine the distribution of
immune cells in UC patients. In the current study, the abundance of these 24 immune cells in UC patients were calculated
and the compared with healthy controls.

Differential Expression Analysis
The limma R package was utilized to examine gene expression variations in UC patients. Genes were identified as
differentially expressed when adjusted P_value < 0.05 and absolute log,fold change > 0.585.

WGCNA

Co-expression modules were selected using the WGCNA R package to investigate candidate genes exhibiting correlated
patterns in expression levels, as well as their relationship with abnormal immune cell types in UC patients. Hierarchical
clustering was employed to classify genes based on similarities in expression profiles. The resulting gene clusters were
associated with dysregulated immune cells in patients, and key genes within these clusters were selected for further
analysis.

Machine Learning
The Random Forest algorithm was applied to identify candidate genes within immune-cell-associated co-expression
modules in UC patients. Initially, the training dataset was randomly split into a training set and a self-test set in a 7:3 ratio
and a Random Forest (RF) model was developed for feature selection. The RF model combined multiple decision tree
classifiers trained on random subsets of features from the training dataset and was implemented using the randomForest
R package, with the number of trees set to 1000. The random seed was set to 123 to ensure reproducibility. To ensure
robustness, 10-fold cross-validation was conducted on the dataset for internal validation. Then, the SVM model was
constructed based on crucial genes selected through RF (which have lowest error.cv), and model performance was
examined in both the training and testing datasets.

Subsequently, a Best Subset Selection regression model was employed. This method evaluates all possible
combinations of predictor variables and selects the optimal model based on specific criteria such as adjusted R%, or
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BIC. Higher adjusted R? and lower BIC values indicate a superior model. The Leaps R package was used to perform
the Best Subset Selection, ultimately constructing the most effective diagnostic model for UC.

This study was conducted in accordance with the TRIPOD (Transparent Reporting of a multivariable prediction
model for Individual Prognosis Or Diagnosis) guidelines to ensure rigorous and reproducible development and validation
of the diagnostic model.

Function Enrichment Analysis
All differentially expressed genes (DEGs) were identified and subjected to functional enrichment analysis using the
clusterprofiler R package. The analysis focused on KEGG pathways and Hallmark gene sets, with enriched functions
selected based on a false discovery rate (FDR) less than 0.05.

Then, GSEA analysis was performed on crucial genes, which were filtered by the Best Subset Selection regression
model using the clusterprofiler R package.

Statistical analyses were performed using R software (version 4.3.2). Group comparisons were analyzed with a r-test,
and adjusted P_value less than 0.05 was considered statistically significant.

Results

Immune Microenvironment in UC Patients

To begin, the immune microenvironment of 495 UC patients and 320 healthy controls was analyzed based on the
expression data (Training dataset). The results revealed that the abundance of B cells, CD8 naive cells, exhausted T cells,
macrophages, and neutrophils was significantly higher in UC patients, whereas that of, Gamma delta T, CD8 T, Tth (T
follicular helper cell), CD4 naive, iTreg (induced regulatory T cell), Thl, Th2, NKT, cytotoxic, MAIT, Central memory
T, CD4 T, Trl (type 1 regulatory T cell), Th17, and Effector memory T cells were significantly lower (Figure 2A).
Thereafter, these results were validated in another dataset consisting of 389 UC patients and 209 healthy controls (Testing
dataset 1). Consistent with the results of the training dataset, the abundance of B cells, CD4 naive cells, CD4 T,
CDS8_naive cells, cytotoxic cells, effector memory T cells, gamma_delta T, iTreg, Macrophage, Th2, Th17, and Trl was
abnormal in UC patients (Figure 2B). Additionally, dysregulated immune cells in both the training and test datasets were
screened, yielding 13 immune cells that were abnormal in UC (Supplemental Figure 1).

Furthermore, the abnormal immune cell dysregulation was analyzed in UC patients. Notably, CD4+ naive T cells can
differentiate into various subtypes in response to cytokines. They exert immune-activating or immunosuppressive effects
by binding to MHC II-peptide. Under the action of TGF-B, CD4+ naive T cells are transformed into iTreg and synthesize
Trl. Both iTreg and Trl are representative immunosuppressive cells that can exert immunosuppressive effects under the
action of IL-10, TGF-B and FOXP. Besides, elevated macrophage infiltration and reduced gamma delta T cells in UC
patients can also be activated under the action of IL-10, TGF-f and FOXP3 and play an immunosuppressive and
inflammatory role in response to IL-10. CD4+ naive T cells can also differentiate into Th17 and Tth in response to TGF-§
and IL-21, and both are involved in autoimmunity and germinal center formation in response to IL-21 and RORy. Among
them, autoimmunity was also associated with neutrophils, which were abnormally increase in UC in this study. Likewise,
CD4+ naive cells T producing Th2 was abnormally decrease in UC patients in this study and participated in immune
responses mediated by IL-10. Similarly, B cells were abnormal in UC patients and were associated with immune
responses (Figure 3A).

Finally, the expression levels of key cytokines in the immune cell flows described earlier were validated in 24 UC
patients and 21 healthy controls (Testing dataset 2). Specifically, the expression of RORy, FOXP3, TGF-f, IL-10, and IL-
21 was examined (Figure 3B). Next, the expression of these markers between UC patients and healthy controls was
compared via microscopic counting and optical density scoring (OD). The results demonstrated that RORy, FOXP3,
TGF-B, IL-10 and IL-21 were abnormally expressed in UC patients using both methods, suggesting the presence of an
abnormal immune microenvironment in UC patients, which is associated with disrupted immune functions such as
immunosuppression and inflammatory suppression (Figure 3C-D).
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Figure 2 Assessment of the immune microenvironment in UC patients (A) Using ImmuCellAl algorithm to assess the abundance of immune cells between 495 UC patients
and 320 healthy controls (Training dataset). (B) The abundance of immune cells between 389 UC patients and 209 healthy controls (Testing dataset |). *: P_value<0.05; **:
P_value<0.01; *** P_value<0.001.

Multiple Gene Co-Expression Modules Linked to Aberrant Immune Cell Activity in
UC Patients

Additionally, differentially expressed genes (DEGs) in UC patients were identified based on expression data from the
training dataset comprising 495 UC patients and 320 healthy controls. A total of 1084 DEGs (|log2FC|>0.585, P_value
<0.05) were identified, among which 663 DEGs were differentially up-regulated and 421 DEGs were differentially
down-regulated (Figure 4A). Subsequently, enrichment analysis exposed that the DEGs were enriched in the IL6 JAK
STAT3 signaling pathway, neutrophil extracellular trap formation, KARS signaling, and other immune- and inflamma-
tion-related pathways (Figure 4B). Next, the correlations between DEGs and the abundance of immune cells were
investigated. Six co-expression modules of DEGs were identified (MEgreen, MEblue, MEbrown, MEturquoise,
MEyellow and MEgrey). Three of these modules were associated with aberrant immune cells in UC (|R| >0.4,
P_value <0.05). Of note, the MEblue module was mainly positively associated with macrophages and neutrophils and
negatively associated with CD4_T, CD4 naive, Trl, iTreg, and Th2 cells. Meanwhile, MEturquoise was positively
associated with CD4 naive, Trl, iTreg and effector memory T cells, whereas MEgrey was positively correlated with
macrophages and negatively correlated with Trl and iTreg cells (Figure 4C).

Construction of UC Diagnostic Model Based on Machine Learning
The Random Forest algorithm was applied to identify genes in the three immune cell-related modules. In the MEblue
module, the Random Forest algorithm showed that the diagnostic error rate for UC was minimized with 47 model genes
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Figure 4 Screening of immune cells associated co-expression modules in UC. (A) Volcano plot showed the DEGs of UC vs Control groups. (B) Enrichment analysis of
DEGs in UC. (C) Immune cells associated co-expression modules in UC.

(Figure 5A). Afterward, genes in the MEblue module were ranked based on MeanDecreaseAccuracy, and the top 47 genes
were selected for model construction (Figure 5B). Interestingly, the AUC of the 47-gene model for the diagnosis of UC was
0.862 in the training dataset (Figure 5C), 0.935 (Figure 5D) in the corresponding self-test dataset, and 0.732 (Figure 5E) in
the independent test dataset, highlighting the diagnostic utility of the 47-gene model for UC. In the MEturquoise module, the
machine learning algorithm was applied to develop diagnostic models, and optimal diagnostic efficacy was noted with 14
module genes (Figure 5F). Genes in the MEturquoise module were ranked based on MeanDecreaseAccuracy, and the top 14
genes were selected for model construction (Figure 5G). The results unveiled an AUC of 0.906 in the training dataset
(Figure SH), 0.900 in the self-test dataset, and 0.617 in the independent testing dataset (Figure SI-J), highlighting the
diagnostic efficacy of the top 14 genes in MEturquoise. Lastly, in the MEgrey module, the Random Forest algorithm
identified the optimal model with 38 genes (Figure 5K), which were ranked based on MeanDecreaseAccuracy, following
which the top 38 genes were selected for model construction (Figure 5L). The results uncovered an AUC of 0.938 in the
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38.
training dataset (Figure 5M), 0.949 in the self-test dataset, and 0.662 in the independent testing dataset for the diagnosis of

UC (Figure SN-0O), suggesting that the model possessed favorable diagnostic utility for UC.

Identification of the Optimal Diagnostic Biomarkers for UC
Based on the analysis of the random forest algorithm in the three gene modules, a total of 99 candidate genes with

diagnostic efficacy in UC patients were identified. Subsequently, the Best Subset Selection regression model was applied

to the candidate genes to screen the optimal diagnostic model for UC.
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The results showed that the model had the largest R? and adjusted R* as well as the smallest Bayesian Information
Criterion (BIC) and mallows_up values with 8 candidate genes, suggesting its optimal model efficacy (Figure 6A). The
model consisted of 8 crucial genes (GATA2, IL8, LAT, NOLC1, SMARCAS, SMC3, STX10, and ZMIZ1) (Figure 6B).
The AUC of this 8-gene model for the diagnosis of UC was 0.964 in the training dataset (Figure 6C), 0.926 in the self-
test dataset (Figure 6D), and 0.884 in the independent testing dataset (Figure 6E). Indeed, the diagnostic efficacy of this
8-gene model significantly outperformed the above three diagnostic models.

Discussion

Ulcerative colitis (UC) and Crohn’s disease (CD), both classified as chronic inflammatory bowel diseases (IBD), are
marked by alternating periods of exacerbation and remission.'> As is well documented, genetic, environmental, and
immune factors significantly influence the pathogenesis of IBD.'® UC is characterized by continuous inflammation in the
lamina propria of the colon, and its pathogenesis includes factors related to innate immunity, such as intestinal
endothelial cell death, increased intestinal endothelial permeability,'” activation of proinflammatory M1-like macro-
phages, DC-induced proinflammatory immune responses,'® anti-inflammatory responses elicited by DC through induc-
tion of Tregs,'? increased proportions of NK cells,?” increased expression levels of defensins,”' and aberrant expression
of PRRs such as TLR4.%? Noteworthily, its pathogenesis is also associated with adaptive immunity, such as the Th 1/Th 2
balance (in UC, the T-cell response to antigens is not Th 1-dominated but rather Th 2-dominated)**, an increase in the
proportion of Th 17 cells** and a decrease in the proportion of Tregs.”’ Interestingly, the analysis of the datasets
encompassing thousands of UC and control patients led to the identification of a distinct immune microenvironment
associated with UC, characterized by the pivotal roles of immune cells such as Th2, Treg, and Th17. Additionally,
machine learning algorithms assisted in the identification of eight immune microenvironment-associated biomarkers
(GATA2, IL8, LAT, NOLC1, SMARCAS, SMC3, STX10, and ZMIZ1) with potential diagnostic efficacy for UC. Herein,
GATA2 plays a decisive role in regulating the transcription of genes involved in the development and proliferation of
hematopoietic and endocrine cell lines.*® It has been found to regulate dendritic cell differentiation,?’ as well as being
associated with macrophages.”® GSEA analysis of GATA2 in UC patients also demonstrated its association with Th17,
Thl, and Th2 differentiation (Supplemental Figure 2). IL8, also referred to as CXCLS, plays a key role in mediating the

inflammatory response and is secreted by various cell types, including monocyte macrophages, neutrophils, eosinophils,
T lymphocytes, epithelial cells, and fibroblasts. It is worthwhile emphasizing that it is a chemokine that directs
neutrophils to the site of infection and participates in pro-inflammatory signaling cascades with other cytokines.*’
LAT activates the T cell antigen receptor (TCR) signaling pathway and is a key transport protein for activating essential
amino acids required for immune responses in human T cells.***' NOLC]1 enables molecular function inhibitor activity,
is implicated in translational regulation, and has been identified as a tumor suppressor gene.*> SMARCAS5 exhibits
ATPase activity that regulates transcription by altering chromatin structure around genes.>* SMC3 regulates B cell transit
through the germinal center.** In the present study, we identified its association with the Spliceosome and chromatin
remodeling processes in UC. (Supplemental Figure 2). STX10 encodes a protein involved in docking and fusion

activities at the Golgi apparatus.®>> Herein, GSEA revealed its role in the RIG-I-like receptor signaling pathway in UC
(Supplemental Figure 2). ZMIZ1 regulates the activity of numerous transcription factors, including androgen receptor,

Smad3/4, and p53°® and plays a critical role in T cell development.’” Although our study confirmed the upregulation of
cytokines and provided transcriptomic evidence for the eight-gene diagnostic panel, protein-level validation of individual
marker genes such as IL8 and GATA2 was not performed in this cohort due to tissue availability constraints. Future
studies incorporating multiplex immunostaining or proteomic profiling will be essential to further verify their transla-
tional applicability in clinical settings.

Our diagnostic model integrates Random Forest (RF) feature importance with Best Subset Selection (BSS) to
construct an interpretable eight-gene panel. RF allows for robust ranking of non-linearly associated features, while
BSS ensures a parsimonious final model. The model performed well across internal and external datasets (AUC > 0.85),
suggesting generalizability across populations. Unlike deep learning methods, our approach maintains clinical interpret-
ability, making it more suitable for translational use. Compared to prior machine learning studies in UC that focused
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solely on differential expression, our method provides an immune-informed, pathway-grounded approach that may better
reflect disease biology.

Moreover, the identified immune-related biomarkers may serve not only as diagnostic tools but also as potential
targets for precision therapies. Advances in targeted delivery systems - such as antibody-drug conjugates, nanoparticles,
or RNA-based platforms - offer the opportunity to deliver immunomodulatory agents directly to the inflamed intestinal
tissue, potentially enhancing efficacy while minimizing systemic side effects. The integration of biomarker-based
stratification with these delivery systems may represent a promising direction for future UC therapies and translational
applications. In addition to direct immunological and transcriptomic markers, recent advances underscore the therapeutic
relevance of microbiota-derived immunomodulators, such as short-chain fatty acids (SCFAs), indole derivatives, and
bacterial extracellular vesicles. These metabolites influence key immune pathways including Treg/Th17 balance,
inflammasome activation, and epithelial barrier integrity. Integrating host gene signatures with microbial metabolite
profiles may enable co-targeting strategies that synergize immune diagnostics with microbial modulation.”® Future
studies may investigate whether our identified biomarkers correlate with specific microbial signatures or functional
metabolites, potentially guiding more personalized and mechanistically-informed treatment.

Translational Implications

The eight-gene diagnostic panel identified in this study not only facilitates molecular diagnosis of UC but may also
provide a foundation for precision therapy. Several of the eight genes are involved in immune cell signaling and
inflammation, making them promising targets or anchoring points for novel delivery strategies. Recent developments
in reactive oxygen species (ROS) responsive nanocarriers and biomimetic cell membrane systems have enabled targeted
modulation of inflammatory tissues with enhanced specificity and reduced systemic toxicity.'*>° In parallel, microbiota-
derived immunomodulators such as short-chain fatty acids and tryptophan metabolites are being explored for their
therapeutic synergy with immune-targeted approaches.®® Integrating transcriptomic biomarkers with these advanced
platforms holds promise for achieving personalized, localized, and multimodal therapy in ulcerative colitis.

Limitations

This study has several limitations. First, detailed clinical information such as medication history and disease activity
scores was incomplete in some public GEO datasets, which may introduce residual confounding despite our efforts to
select well-annotated samples. In contrast, our local cohort included prospectively collected, treatment-naive UC patients
with complete clinical documentation, helping to mitigate this issue. Second, the IHC validation was performed on
a relatively small cohort (24 UC and 21 controls) due to strict inclusion criteria. Although consistent with transcriptomic
trends, larger cohorts and functional validation - including gene perturbation, in vitro models, and correlation with
treatment outcomes - are needed to fully establish the clinical utility. Then, while the eight-gene diagnostic model
showed strong performance in internal and external datasets, its AUC declined in the independent validation set. This
may be due to overfitting or inter-dataset heterogeneity, including demographic differences, sampling protocols, and
sequencing platforms. These findings highlight the need for multicenter validation and batch effect correction strategies.
Immune cell estimation was based on bulk RNA-seq data, which averages signals across heterogeneous cell populations
and may obscure subtle, spatially restricted immune dynamics. Future studies employing single-cell or spatial transcrip-
tomics are warranted to refine immune landscape resolution. Lastly, immunomodulatory therapies (eg, corticosteroids,
biologics, 5-ASA) can influence gene expression and immune profiles. While our local cohort was restricted to untreated
patients, treatment status was incompletely annotated in public datasets. More comprehensive pharmacologic data will be
crucial in future studies to isolate disease-intrinsic signatures.

Conclusion

In summary, this study highlights the significant role of immune microenvironment dysregulation in the pathogenesis
of UC. Analyzing gene expression data and immune cell infiltration profiles from UC patients led to the identification
of several aberrantly expressed immune cells, including B cells, macrophages, and various T cell subtypes, such as
CD4+ naive T cells and Th2 cells. This immune imbalance is associated with the chronic inflammatory nature of UC.
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At the same time, gene co-expression analysis and machine learning models led to the identification of eight key
biomarkers, namely GATA2, IL8, LAT, NOLC1, SMARCAS, SMC3, STX10, and ZMIZ1, which demonstrated strong
diagnostic potential for UC. These findings provide novel insights into the immunopathogenesis of UC and offer
promising targets for therapeutic intervention. Our results suggest that these biomarkers could facilitate early diagnosis
and potentially guide the development of personalized treatments aimed at modulating the immune response in UC
patients.

These findings provide novel insights into the immunopathogenesis of UC and offer promising targets for therapeutic
intervention. Notably, several identified genes such as IL8, GATA2, and SMARCAS are closely associated with
inflammatory chemotaxis, immune activation, and epithelial barrier remodeling, positioning them as potential therapeutic
targets. Beyond diagnostics, these genes may serve as molecular anchors for next-generation drug delivery systems.
Recent advances in biomimetic nanotechnology, particularly cell membrane-coated nanoparticles and inflammation-
targeting vesicles, have shown great potential for precision treatment of UC by improving drug localization and
minimizing systemic side effects. For instance, cell membrane nanomaterials (CMNs) derived from immune or red
blood cells exhibit immune evasion, tissue homing, and ROS-responsive release, making them ideal for integrating with
biomarker-based targeting strategies.’® Future work may explore how our biomarkers can guide or synergize with these
delivery systems to enable precise, personalized intervention in UC.
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