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Background: Despite the similarities, Crohn’s disease (CD) and ulcerative colitis (UC), the two major subtypes of inflammatory 
bowel disease (IBD), exhibit distinctions. The increasing burden of IBD necessitates discovering novel diagnostic markers. 
Considering the importance of distinguishing between CD and UC in selecting therapeutic strategies in clinical settings, this 
investigation focused on identifying subtype-specific blood biomarkers.
Methods: The discovery set was formed by integrating five blood transcriptomic datasets, including GSE119600, GSE126124, 
GSE94648, GSE86434, and GSE71730, which incorporated samples from CD, UC, and controls. After determining DEGs in CD and 
UC, they were separately filtered according to WGCNA and then analyzed by LASSO and RF algorithms. Eventually, ROC analysis of 
the diagnostic performances was conducted independently in the datasets used for discovery. Moreover, ROC analysis was imple
mented in independent cohorts to assess the generalizability of findings.
Results: Initially, the identified subtype-specific candidate biomarkers included INPPL1, TLR5, SLC9A8, IMPDH1, and GRK6 for 
CD, and IL4R, ACAA1, NARF, and RRM2 for UC. However, external validation only accentuated the promising diagnostic potential of 
TLR5 for CD. However, TLR5 was nonspecific for CD and also acts as a potential biomarker for UC. While this study did not unveil 
subtype-specific diagnostic markers capable of stratifying CD from UC, the upregulated TLR5 was identified as a shared biomarker for 
both subtypes.
Conclusion: This integrative analysis of blood transcriptomes diverged from its initial purpose, the identification of subtype-specific 
biomarkers, and demonstrated that TLR5 exhibits reproducible diagnostic efficacy for IBD.
Keywords: biomarkers, blood, IBD, TLR5

Introduction
Inflammatory bowel disease (IBD), encompassing a group of disorders identified by chronic inflammation in the 
gastrointestinal (GI) tract, is expected to affect a growing number of individuals in the approaching future, stemming 
from the high incidence rate in developing countries and the growing number of older adults in developed countries.1 

Recently, many efforts have been made to facilitate the diagnosis of IBD, including the investigation of novel markers2,3 

as well as the optimization of conventional diagnostic methods.4 Considering blood transcriptomic data as a valuable 
diagnostic source, this study aimed to discover specific biomarkers separately for CD and UC, the most prominent 
subtypes of the disease.

Despite the wide range of similarities in the pathogenic signatures of CD and UC, they have marked differences in 
manifestations. Inflammation occurs extensively in the GI tract in CD, while it mainly affects the colon and rectum in 
UC.5 Considering the variability in the efficacy of different therapeutic strategies for these two subtypes of the disorder,6 

identification of biomarkers distinguishing CD from UC is beneficial for early selection of an effective therapeutic plan.
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Discovering specific biomarkers for CD or UC has attracted growing interest. For instance, in a transcriptomic 
analysis followed by wet-lab validation, the mucosal expression of PI3, ANXA1, and VDR demonstrated diagnostic 
potential for differentiating CD and UC.7 By studying peripheral blood routine parameters (PBRPs), the multi-layer 
perceptron artificial neural network model (MLP-ANN) model was suggested as an efficient machine learning (ML) 
method for discriminating CD and UC.8 A study on serum levels of amino acid metabolites suggested that taurine, 
homocitrulline, and kynurenine, being increased in CD patients compared to patients with UC, hold diagnostic potential.9 

In another effort, on the basis of partial least squares discriminant analysis (PLS-DA) analysis, a supervised learning 
model was developed, which was suggested to hold the potential to distinguish CD from UC using RNA-seq analysis of 
endoscopic biopsy specimens.10 Moreover, using dual-layer spectral detector computed tomography enterography (CTE), 
the quantitative energy spectrum parameters of enteric phase normalized ID (NID) and portal phase effective atomic 
number (Z-eff) were suggested to be effective in differentiating CD from UC.11 Collectively, these investigations 
underscore the imperative of developing a diagnostic method for distinguishing between the two major subtypes of 
IBD. This is beneficial for treatment decision-making, and it may also lead to the identification of subtype-specific 
diagnostic markers that may possess greater sensitivity and specificity, which ensures their applicability.

Despite recent advancements in the management of IBD, the generalizability and reproducibility of biomarkers across 
cohorts have remained a challenge in IBD.3 Given the noninvasiveness and accessibility of blood specimens,12 they are 
a valuable source and a potential biological substitute for intestinal diagnostic assays. Compared to endoscopy13 as the 
central diagnostic method,14 evaluation of mRNA levels in blood is neither expensive nor invasive.15 With this 
substantial value in mind, herein five datasets incorporating blood transcriptomes for both CD and UC, along with 
healthy controls, were integrated (GSE119600, GSE126124, GSE94648, GSE86434, GSE71730). After determining 
differentially expressed genes in CD and UC, weighted gene co-expression network analysis (WGCNA) was performed 
independently for these subtypes. The overlay of these two methods was separately subjected to random forest (RF) and 
least absolute shrinkage and selection operator (LASSO) regression. Lastly, ROC analysis was carried out to determine 
the diagnostic performance of the identified genes. Although this pipeline did not lead to the identification of promising 
unique biomarkers for CD and UC, upregulated TLR5 was highlighted as a promising biomarker for CD and, to a lesser 
extent, for UC.

Methods
Ethical Considerations
This study retrospectively re-analyzed de-identified, publicly available transcriptomic datasets obtained from the Gene 
Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/). There was no direct contact with study participants, so 
individual informed consent was not applicable for this reanalysis. Furthermore, in this study no in vivo or in vitro 
experiments requiring ethical approval were conducted. The transcriptomic data that has been utilized for biomarker 
discovery and validation has obtained ethical approval.

Data Acquisition
The GEO database16 was analyzed for obtaining transcriptomic data. After the retrieval of 12 datasets from GEO (Table 1 
and Table 2), a harmonization step was carried out using the sample information that is retrievable using the GEOquery17 

package. This included setting the source as blood and removing patients with disorders other than IBD. Furthermore, 
principal component analysis (PCA) was conducted to detect outliers. While one sample was excluded in each of 
GSE86434 and GSE112057, the outlier detection methods did not mark any obvious outlier samples in the other datasets 
(Supplementary Figure S1).

Five datasets, namely GSE119600, GSE126124, GSE94648, GSE86434, and GSE71730, were integrated since they 
included both subtypes of IBD and contained expression data for more genes than the other datasets. This allowed for 
a more comprehensive biomarker investigation while minimizing gene loss during integration. The details of these five 
datasets are presented in Table 1. To this end, the mean value of probe-level measurements was considered as gene-level 
expression in each dataset using corresponding platform annotation. After merging the five datasets according to the gene 
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symbols, batch effects were minimized using the ComBat method of the SVA30 package, and PCA plots were illustrated 
using the scatterplot3d31 package. Lastly, the integrated data incorporated expression data of 15,932 genes across 536 
samples, including 228 CD patients, 173 UC patients, and 135 healthy controls (HCs).

Differential Expression Analysis
To enhance the focus of the differential expression (DE) analysis on CD and UC, the integrated data were divided into 
two datasets, including one containing CD samples and HCs and the other containing UC samples and HCs. Using the 
limma32 package, differentially expressed genes (DEGs) in CD and UC were then identified using a |log2 fold change| 
(logFC) threshold above 0.2 and an adjusted p-value below 0.05. The volcano plots demonstrating DEGs were illustrated 
using the ggplot233 package.

Functional Enrichment Analysis
After reaching DEGs in CD and UC, Gene Ontology (GO) and Kyoto encyclopedia of genes and genomes (KEGG) 
pathway analyses were carried out to provide insights on the mechanisms through which they contribute to the 
pathogenesis of these two disorders using the clusterProfiler34 package. Subsequently, the top terms in each GO category 
and KEGG pathway were illustrated using the ggplot2 package according to their enrichment and statistical significance 
(adjusted p-value).

Mapping PPIs and Hub Gene Identification of miRNAs
The STRING35 database was used to retrieve protein-protein interactions (PPIs) of DEGs in CD and UC using 
a confidence threshold of 0.7. The PPI network for DEGs in CD and UC was constructed, and hub genes were defined 
as nodes ranking in the top decile based on the number of interactions. Finally, PPI networks of hub genes were 
constructed using the Cytoscape v3.10.3 app.36

After identifying hub genes in CD and UC, regulatory miRNAs for these gene sets were determined using the 
miRDB37 database. To include miRNAs in the miRNA-mRNA regulatory networks of hub genes, multiple criteria were 
considered. These included having no more than 2,000 predicted targets in the genome, a prediction score exceeding 80, 
and being regulators of multiple hub genes. Finally, the regulatory networks were mapped using the Cytoscape app.

Table 1 Integrated Transcriptomic Datasets Used for Discovery Analysis

GEO Accession Source Year Control CD UC Platform Number of Genes Reference

GSE119600 Blood 2019 47 95 93 GPL10588 31,320 [18]
GSE126124 Blood 2019 32 39 18 GPL6244 23,307 [19]

GSE94648 Blood 2017 22 50 25 GPL19109 22,880 [20]

GSE86434 Blood 2016 24 22 22 GPL10558 31,171 [21]
GSE71730 PBMCs 2015 10 22 15 GPL570 22,880 [22]

Abbreviation: PBMCs, Peripheral blood mononuclear cells.

Table 2 Datasets Utilized for External Validation

GEO Accession Source Control CD UC IBD Platform Number of Genes Reference

GSE276395 Blood 51 40 GPL23126 18,843 [23]

GSE169568 Blood 30 52 58 GPL10588 11,646 [24]

GSE177044 Blood 311 481 GPL16791 24,787 [25]
GSE112057 Blood 12 59 15 GPL11154 11,923 [26]

GSE100833 Blood 49 589 GPL13158 20,277 [27]

GSE33943 PBLs 13 45 GPL570 22,880 [28]
GSE3365 PBMCs 42 59 26 GPL96 13,237 [29]

Abbreviations: PBMCs, Peripheral blood mononuclear cells; PBLs, Peripheral blood leukocytes.
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WGCNA
WGCNA was conducted separately for CD and UC to identify the subtype-specific modules having a statistically 
significant correlation with these two disorders. After evaluating the optimal power, block-wise construction of modules 
was separately carried out for these two major subtypes of IBD using the WGCNA38 package. Modules with their 
correlation p-value below 0.001 were pinpointed as significant. Then, KEGG pathway enrichment analysis was 
performed for these gene modules, and highly enriched pathways were selected based on the combined score from the 
Enrichr39 database.

Machine Learning-Based Discovery of Potential Biomarkers
The consistent results from DE analysis and WGCNA were subjected to machine learning methods to identify candidate 
biomarkers for CD and UC. Upregulated genes were compared with positively correlated modules, while downregulated 
genes were compared with negatively correlated modules to achieve this goal. Using genes that passed this step of 
filtration, RF and LASSO were independently performed in parallel for CD and UC. The randomForest40 and glmnet41 

packages were utilized for the implementation of RF and LASSO, respectively. The top 20 genes identified by each 
machine learning method were then compared, and those identified by both algorithms were singled out. Using the pROC 
package, candidate genes were then subjected to ROC analysis to evaluate their diagnostic performance in the integrated 
data.

Testing Biomarker Performance in External Cohorts
The diagnostic efficacy of candidate biomarkers for CD and UC was evaluated in external datasets to assess the 
reproducibility of the findings. To this end, ROC analysis was conducted in three common datasets, including 
GSE169568, GSE112057, and GSE3365, for candidate biomarkers of CD and UC. Meanwhile, GSE100833 and 
GSE177044, which encompassed only CD and UC samples, respectively, were utilized to validate their corresponding 
conditions. Furthermore, the diagnostic efficacy of the genes was also evaluated independently in datasets used for 
discovery purposes. Overall, a total of nine datasets were examined for each of the two subtypes to provide insights into 
the reproducibility of specific biomarkers for CD and UC. The details of these datasets are presented in Table 2.

Expression Pattern of Selected Biomarkers Across Datasets
Independent DE analysis was performed on the 12 retrieved datasets to evaluate whether the direction of alterations is 
consistent. Violin plots demonstrating the expression level of TLR5 across these datasets were subsequently illustrated 
using the ggplot233 package.

Results
Identification of Disease-Expressed Genes in CD and UC
Following the batch effect correction of the integrated data (Figure 1a–c), a total of 746 and 504 DEGs were identified in 
CD and UC, respectively (Figure 1d and e). The DEGs in CD encompassed 563 upregulated and 183 downregulated 
genes, whereas DEGs in UC included 388 upregulated and 116 downregulated genes. The comprehensive list of DEGs in 
CD and UC, along with the results of DE analysis and their mean expression in case and control groups, are presented in 
Supplementary Tables S1–S4.

GO and KEGG Pathways
Taking a broad view, functional enrichment analysis of DEGs in CD and UC led to the identification of a similar 
spectrum of terms but with different orders of enrichment and significance. This highlights the similarity of pathogenic 
signatures in CD and UC. GO analysis categorizes terms in three distinct classifications, namely biological processes 
(BP), cellular components (CC), and molecular functions (MF). Among the top 10 terms in the BP, mononuclear cell 
differentiation (GO:1903131) and immune response-regulating cell surface receptor signaling pathway (GO:0002768) 
were only enriched in CD, while positive regulation of leukocyte activation (GO:0002696) and positive regulation of cell 
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activation (GO:0050867) were detected only in UC. In spite of these limited differences, the remaining terms were shared 
between CD and UC, notably immune response-activating signaling pathways (GO:0002757), regulation of innate 
immune response (GO:0045088), positive regulation of cytokine production (GO:0001819), and leukocyte-mediated 
immunity (GO:0002443), which were highly enriched BP terms in these two subtypes of IBD. In the CC category, 
vesicle lumen, cytoplasmic vesicle lumen, and secretory granule lumen were the top three terms identified in both CD 
and UC. A slight difference in the spectrum of CC terms was the identification of membrane rafts (GO:0045121) only in 
CD and membrane microdomains (GO:0098857) only in UC. Monosaccharide binding (GO:0048029), cytokine receptor 
activity (GO:0004896), and cytokine binding (GO:0019955) were among the top MF terms only in CD, whereas 
carbohydrate kinase activity (GO:0019200), NADP+ nucleosidase activity (GO:0050135), and NAD+ nucleotidase 
(cyclic ADP-ribose generating, GO:0061809) were highlighted only in UC. In spite of these distinctions, the top four 
terms in the MF category, including carboxylic acid binding (GO:0031406), organic acid binding (GO:0043177), 
immune receptor activity (GO:0140375), and carbohydrate binding (GO:0030246), were common to both subtypes. 
Hematopoietic cell lineage, neutrophil extracellular trap formation, and NOD-like receptor signaling were the three 
shared KEGG pathways between CD and UC among the top 10 terms. Additionally, NOD-like receptor signaling and 
hematopoietic cell lineage were identified as the most enriched pathways in CD and UC, respectively. Overall, functional 
enrichment analysis indicates that the two main types of IBD share similar pathogenic signatures (Figure 2).

PPI and miRNA-mRNA Regulatory Networks
Using 746 DEGs in CD, a PPI network with 411 nodes and 1,483 edges was constructed. Hub genes were defined as the 
top 10% of nodes based on the number of interactions. The hub genes of the network included 43 genes, with interactions 
ranging from 59 for downregulated CD4, the central hub gene, to 18 for CD69, MPO, EIF2AK2, CD274, IFIT2, 
MAPK14, KLRB1, HSP90AB1, H3C12, and ELANE (Figure 3a). The retrieval of miRNAs for these hub genes resulted in 
the identification of multiple members of the miR-17, miR-548, miR-15/107, miR-130, and miR-301 families as key 
regulators (Figure 3b). The comprehensive list of miRNAs targeting hub genes of the PPI network of DEGs in CD is 
presented in Supplementary Table S5.

The PPI network for UC included 224 nodes that were connected through 581 interactions. The interaction counts for 
the 21 hub genes in this network ranged from 42 for downregulated CD4 to 12 for RPS28 (Figure 3c). Members of the 

Figure 1 DEGs in CD and UC. (a) PCA plot illustrating the distribution of samples in the integrated data before batch effect correction. (b–c) PCA plots illustrating the 
distribution of samples in the integrated data following batch effect correction. (d) Differentially expressed genes in CD. (e) Differentially expressed genes in UC.
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miR-15/107, miR-181, and miR-513 families were identified as regulators of the hub genes in UC (Figure 3d). The list of 
regulatory miRNAs for the hub genes in the PPI network of DEGs in UC is presented in Supplementary Table S6.

Identification of CD-Specific and UC-Specific Modules
After ensuring no outlier samples in the integrated CD and healthy control (HC) data (Supplementary Figure S2), 8 was 
selected as the optimal soft thresholding power for the block-wise construction of modules (Figure 4a). The analysis 
assigned the 15,932 genes to 24 modules, numbered 0 to 23 (Figure 4b). Given that the statistical significance threshold 
of a p-value below 0.001 was utilized as the cut-off threshold for considering a module prominent, modules 2, 9, 10, 11, 
18, and 20 were positively correlated modules, and modules 1 and 13 were negatively correlated modules further utilized 
for filtration of DEGs. Modules 2, 9, 10, 11, 18, and 20 were enriched in osteoclast differentiation, influenza A, 
Salmonella infection, other glycan degradation, the NOD-like receptor signaling pathway, and cell cycle, respectively. 
In addition, negatively correlated modules, including modules 1 and 13, were enriched in herpes simplex virus 1 
infection and graft-versus-host disease (GVHD), respectively (Figure 4c).

After confirming the absence of outliers in the integrated data encompassing UC and HC samples using hierarchical 
clustering (Supplementary Figure S3), the soft thresholding power of 8 was selected for the block-wise module 
construction (Figure 5a). The analysis assigned 15,932 genes to 19 modules, numerically labeled from 0 to 18 
(Figure 5b). Using a p-value threshold of 0.001 as the module selection criterion, modules 2 and 15 were identified as 
positively correlated, while 1, 11, and 14 were negatively correlated with UC. KEGG pathway analysis highlighted 
osteoclast differentiation and Fc gamma R-mediated phagocytosis as enriched pathways in module 2. Enrichment 
analysis of module 15 underlined the cell cycle and p53 signaling pathways. Meanwhile, highly enriched pathways in 
the selected negatively correlated modules included herpes simplex virus 1 infection, mismatch repair, ribosome, RNA 
transport, Th1 and Th2 cell differentiation, and T cell receptor signaling (Figure 5c).

Figure 2 Functional enrichment analysis of DEGs. (a) GO and KEGG pathway analysis of DEGs in CD. (b) GO and KEGG pathway analysis of DEGs in UC.
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Machine Learning-Based Biomarker Identification
The converging results of DE analysis and WGCNA were a total of 542 genes, including 426 upregulated and 116 
downregulated genes, which were also detected in the selected positively correlated and negatively correlated gene 
modules, respectively (Figure 6a). After comparing the most important 20 genes by LASSO and RF, five genes, namely 
INPPL1, TLR5, SLC9A8, IMPDH1, and GRK6, were selected for further evaluation of their diagnostic performance by 
ROC analysis (Figure 6b–h). The area under the ROC curve for TLR5, IMPDH1, SLC9A8, INPPL1, and GRK6 for CD in 
the integrated data was computed as 0.8065, 0.7735, 0.7631, 0.7611, and 0.7447, respectively (Figure 6i).

A total of 346 genes, comprising 277 upregulated and 69 downregulated genes, were consistently discerned in 
modules that demonstrated positive and negative correlations with UC, respectively (Figure 7a). After determination of 
the top 20 genes by RF and LASSO (Figure 7b–g), four genes, namely IL4R, ACAA1, NARF, and RRM2, were 

Figure 3 Networks demonstrating PPIs and regulatory miRNAs of hub genes in CD and UC. (a) PPIs of hub genes in CD. (b) miRNA-mRNA regulatory network of hub 
genes in the PPI network of CD. (c) PPIs of hub genes in UC. (d) miRNA-mRNA regulatory network of hub genes in the PPI network of UC.
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highlighted as identified by both analyses (Figure 7h). ROC analysis evaluated the AUC of IL4R, ACAA1, NARF, and 
RRM2 for UC as 0.7943, 0.7542, 0.7453, and 0.7213, respectively (Figure 7i).

Evaluating the Discriminatory Power of Selected Genes in External Datasets
The AUC of TLR5 for CD passed the 0.7 threshold in eight of the nine datasets, suggesting its promising potential as 
a biomarker for CD. Meanwhile, the diagnostic efficacy of IMPDH1 and SLC9A8 surpassed this threshold in six datasets. 
The diagnostic potential of INPPL1 and GRK6 had low reproducibility, passing the acceptable threshold (AUC > 0.7) in 
five and four datasets, respectively (Supplementary Figure S4).

The diagnostic performance of selected biomarkers for UC had moderate reproducibility across the analyzed datasets, 
with AUC values exceeding the 0.7 threshold in four to five datasets. Given that TLR5 demonstrated promising 
diagnostic performance for CD, the ROC analysis was performed to evaluate its diagnostic potential for UC to assess 
whether it could differentiate between the two subtypes or not. Interestingly, the diagnostic efficacy of TLR5 encom
passed a higher AUC than IL4R, ACAA1, NARF, and RRM2, which were identified through the specific pipeline for UC 
(Supplementary Figure S5).

Dysregulations of the Expression Levels of TLR5 in IBD Patients
ROC analysis, evaluating the diagnostic performance of TLR5 for IBD, was then performed. Moreover, to ensure that 
TLR5 exhibits a consistent direction of alteration across the analyzed datasets, DE analysis was separately conducted in 

Figure 4 The identification of prominent gene modules correlating with CD. (a) The selection of the optimal power based on scale Independence and mean connectivity. 
The red number shows the optimal soft thresholding power used for the construction of CD-specific modules. (b) Heatmap of module-trait relationship demonstrating 
modules and their correlation with CD. Asterisks indicate the statistical significance of the correlation (*p < 0.05, **p < 0.01, ***p < 0.001). (c) The proportion of selected 
positively and negatively correlated modules based on the number of genes. The KEGG pathway with the highest enrichment score in each module was noted based on the 
combined score provided in the Enrichr database. Red labels demonstrate modules positively correlated with CD, whereas blue labels show modules negatively correlated 
with CD.
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each of the datasets. As shown in Figure 8, TLR5 surpassed the AUC threshold of 0.7 in 9 out of the 12 datasets and 
exhibited a consistent trend of upregulation in the datasets, indicating its diagnostic potential for IBD.

Discussion
Novel diagnostic and therapeutic strategies are essential to address the growing global burden of IBD. With the 
substantial value of blood transcriptomes and distinctions among the subtypes of IBD in mind, this study endeavored 
to identify specific biomarkers separately for CD and UC. Multiple computational analyses, including DE analysis, 
WGCNA, RF, and LASSO, were performed to select potential biomarkers for CD and UC, and their generalizability was 
evaluated by ROC analysis across the datasets. Meanwhile, no promising biomarkers were identified for UC, and TLR5 
as the most diagnostic marker for CD also demonstrated diagnostic potential for UC. Therefore, the diagnostic 
performance of TLR5 was evaluated for the joint phenotype of CD and UC as IBD.

The GO analysis underlined several immune-related BP, CC, and MF terms shared between CD and UC. For instance, 
dysregulations of innate and adaptive immune responses in both subtypes of the IBD were reflected by the enrichment of 
BP terms, such as immune response-activating signaling pathways, regulation of innate immune response, positive 
regulation of cytokine production, and leukocyte-mediated immunity. Likewise, CC and MF terms were substantially 
similar and reflected different aspects of immune system responses. In accordance with the involvement of DEGs in the 
two subtypes of IBD in immune-related pathways, it has been previously shown that in patients with IBD, transcriptional 
alterations in the colon and peripheral blood are concordant, and immune pathways are enriched with the shared genes.19 

Figure 5 The identification of prominent gene modules correlating with UC. (a) The selection of the optimal power based on scale Independence and mean connectivity. 
The red number shows the optimal soft thresholding power used for the construction of UC-specific modules. (b) Heatmap of module-trait relationship demonstrating 
modules and their correlation with UC. Asterisks demonstrate the statistical significance of the correlation (*p < 0.05, **p < 0.01, ***p < 0.001). (c) The proportion of 
selected positively and negatively correlated modules based on the number of genes. The KEGG pathway with the highest enrichment score in each module was reported 
based on the combined score provided in the Enrichr database. Red labels demonstrate modules positively correlated with UC, whereas blue labels show modules negatively 
correlated with UC.
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Circulating B cells exhibit increased activation in patients with CD42 and UC.43 Similarly, it has been reported that 
peripheral T cell subsets have an elevated functioning in patients with IBD.44 Furthermore, a wide range of innate 
immune cells, including CD177+ neutrophils,45 monocytes,46 basophils,47 and eosinophils,48 demonstrate dysregulation 
in IBD. NOD-like receptor signaling and hematopoietic cell lineage were the most prominent pathways in CD and UC, 
respectively. Nucleotide-binding and oligomerization domain NOD-like receptors (NLRs) are involved in the regulation 
of inflammation by multiple mechanisms of action,49 including NF-κB, MAPK, and caspase-1.50 The NLR signaling 
pathway has attracted growing interest as a therapeutic target for IBD.50,51 NLRs52 and their associated proteins49 have 
been underlined as IBD susceptibility genes. NLRs are cytoplasmic receptors recognizing pathogens and damaged cells. 
These receptors are expressed in both innate and adaptive immune cells.53 Hematopoietic cell lineage, the most 

Figure 6 Discovering potential biomarkers for CD using machine learning algorithms. (a) The intersection of DE analysis and WGCNA. (b) Error rate based on the number 
of decision trees in the RF method. (c) The importance of the top 20 genes based on the mean decrease in accuracy. (d) The importance of the top 20 genes based on the 
mean decrease in the Gini index. (e) LASSO coefficient trajectories for the top 20 features based on the magnitude of the absolute values of the coefficients. (f) Deviance 
plotted against the logarithm of the regularization parameter in LASSO regression. (g) The top 20 variables identified by LASSO. (h) Five overlapping genes were identified 
from the results of machine learning methods. (i) ROC analysis of the diagnostic performance of TLR5, IMPDH1, SLC9A8, INPPL1, and GRK6 for CD.

https://doi.org/10.2147/CEG.S584999                                                                                                                                                                                                                                                                                                                                                                                                                                    Clinical and Experimental Gastroenterology 2026:19 10

Mokaram Doust Delkhah                                                                                                                                                         

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



prominent pathway in which DEGs in UC and, to a lesser proportion, DEGs in CD were involved, reflects the 
differentiation of different blood cells, including immune cells, from hematopoietic stem cells (HSC). Collectively, 
functional enrichment analyses underscored a fundamental resemblance in the pathogenic pathways that are dysregulated 
in CD and UC.

Mapping PPIs of DEGs in CD and UC led to the identification of downregulated CD4 as the central hub gene in both 
of the networks. Moreover, 16 other genes, including TLR4, ITGAM, CD2, IL7R, PRF1, MYD88, KLRD1, MMP9, 
CD40LG, GZMA, CD3E, GZMK, LTF, MPO, KLRB1, and CD69, were identified as hub genes in both of the PPI 
networks. Construction of miRNA-mRNA regulatory networks underscored four members of the miR-15/107 family, 
including miR-15a-5p, miR-15b-5p, miR-16-5p, and miR-195-5p,54 as regulators of the hub genes in both CD and UC.

Figure 7 Discovering potential biomarkers for UC using machine learning algorithms. (a) The intersection of DE analysis and WGCNA. (b) Error rate based on the number 
of decision trees in the RF method. (c) The importance of the top 20 genes based on the mean decrease in accuracy. (d) The importance of the top 20 genes based on the 
mean decrease in the Gini index. (e) LASSO coefficient trajectories for the top 20 features based on the magnitude of the absolute values of the coefficients. (f) Deviance 
plotted against the logarithm of the regularization parameter in LASSO regression. (g) The top 20 variables identified by LASSO. (h) Four overlapping genes were identified 
from the results of machine learning methods. (i) ROC analysis of the diagnostic performance of IL4R, ACAA1, NARF, and RRM2 for UC.
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Figure 8 The expression level of TLR5 in blood efficiently distinguished IBD from controls. (a) Diagnostic performance of TLR5 for IBD. (b) The expression alterations of TLR5 in IBD patients compared to controls. The median is 
indicated by a square marker with a yellow border in each study group. (NS: Not significant, **p < 0.01, ***p < 0.001).
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In pediatric patients with IBD, miR-15a-5p was reported to exhibit upregulation in patients with active CD compared 
to the patients in the remission stage. Moreover, the level of miR-15a-5p was found to be positively correlated with the 
severity of the disease, and it was proposed as a potential biomarker. The study highlighted that Cdc42, an essential 
protein involved in the differentiation of intestinal epithelial stem cells (IESC) and barrier function of the intestine, is 
negatively regulated by miR-15a-5p.55 Examination of fecal specimens revealed that the levels of miR-15a-5p demon
strate more than a three-fold increase in CD patients compared to HCs. Furthermore, miR-15a-5p demonstrated a positive 
correlation with the CD endoscopic index of severity (CDEIS).56 In addition, this miRNA has also been identified as 
a key regulator of shared DEGs between IBD and colorectal cancer (CRC).57 A previous study explored plasma miRNA 
signatures capable of predicting postoperative recurrence (POR) in patients with CD. The study highlighted miR-15b-5p 
as a part of a multi-miRNA biomarker panel, showing upregulated expression both when measured before surgery and at 
recurrence one year post-surgery. By contributing to the modulation of apoptosis, oxidative stress,58 and autophagy,59 this 
miRNA is involved in the pathogenesis of the disease.

By performing both microarray screening and qPCR measurements, elevated levels of miR-16-5p in fecal samples 
have been observed in CD and UC patients compared to HCs.60 Examination of different sample sources, including 
serum, tissue, and feces, has consistently documented upregulation of miR-16-5p in UC patients.61 Being capable of 
sponging miR-16-5p and miR-195-5p, the long non-coding RNA (LncRNA) CDKN2B-AS1 attenuates inflammation in 
UC.62 A study on the colonic tissue of patients with UC underlined downregulation of the adenosine A2a receptor 
(A2aAR), which is an inhibitor of the NF-κB signaling pathway, and its expression is post-transcriptionally inhibited by 
miR-16 in UC patients. On the other hand, the upregulation of miR-16 was observed. By inhibiting A2aAR, miR-16 
leads to the activation of the NF-κB signaling cascade and subsequent inflammation, which could be disrupted in vitro 
using miR-16 inhibitors.63 By modulating the expression of tight junctions (TJs), it has been observed that miR-195-5p 
alleviates intestinal permeability,64,65 a well-established hallmark of patients with IBD.66 By disrupting the inflammatory 
signaling cascade of TLR2, miR-195-5p reduces polarization of M1 macrophages.67 A study on the therapeutic effects of 
luteolin (Lut) on dextran sulfate sodium (DSS)-induced mouse models of UC revealed that alleviation in disease 
symptoms was associated with the suppression of the Notch signaling pathway, which was mediated by miR-195-5p 
as a negative feedback regulator of the pathway.68 Collectively, these records underscore the key contribution of the four 
members of the miR-15/107 family to the pathogenesis of IBD. While these miRNAs can be considered for establishing 
miRNA-based therapies in IBD, subsequent experiments are necessary to shed light on the potential side effects and 
applicability of this approach.

Employing machine-learning methods subsequent to the filtration of DEGs based on the WGCNA results initially 
nominated TLR5, IMPDH1, SLC9A8, INPPL1, and GRK6 as potential biomarkers for CD. Meanwhile, the approach 
underlined IL4R, ACAA1, NARF, and RRM2 as potential biomarkers for UC. Evaluations of the diagnostic power of these 
genes in external datasets highlighted TLR5 as a promising biomarker for CD. Furthermore, TLR5 exhibited stronger 
diagnostic potential for UC than the genes identified via the UC-specific workflow. The UC-specific analyses failed to 
single out any promising biomarker for UC or IBD. Meanwhile, it is of paramount importance to note that the workflow 
for UC was not utterly inconclusive. For instance, it accentuated IL4R. This transcript has recently been introduced as 
a member of a diagnostic panel (IL4R, EIF5A, and SLC9A8), which was shown to be efficient in the diagnosis of IBD.69 

The unsuccessful analyses can also be attributed to technical issues such as dataset heterogeneity or biological 
similarities of CD and UC in blood samples.

Although dysregulations and involvement of TLR5 have long been noticed in CD and UC, the results of the present 
study for the first time highlighted its diagnostic potential for IBD. TLR5 encodes Toll-like receptor 5, a highly conserved 
member of the Toll-like receptor (TLR) family that specifically recognizes bacterial flagellin. Upon binding to its ligand, 
this receptor orchestrates an innate immune response via the MyD88 adaptor and subsequently activates the NF-kB 
signaling cascade.70 It has been previously observed that knockout of TLR5 in mice is associated with the increased risk 
of the onset of spontaneous colitis.71 A single nucleotide polymorphism (SNP) reflecting elevated activity of TLR5 
(rs5744174) has been demonstrated to correlate with resistance to anti-TNF treatment in CD patients. Meanwhile, this 
association did not withstand Bonferroni correction for multiple testing.72 In the North Indian population, it has been 
documented that two variants of TLR5 (R392X and N592S) exhibit a statistically significant association with UC.73
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TLR5 substantially contributes to the maintenance of intestinal homeostasis between the microbiota and the immune 
system.74 The downregulation of flagellin in gut microbes, along with the asymmetric distribution and basolateral 
localization of TLR5, as well as IgA-mediated neutralization of bacterial flagella, are known mechanisms that sustain 
homeostasis under normal conditions.75 A study on the DSS-induced mouse model of colitis revealed that the alleviation 
of symptoms following treatment with Emodin, a naturally occurring compound, was associated with reduced expression 
of TLR5, as revealed by both in vivo and in vitro experiments.76 Similarly, another study on TNBS-induced rat models of 
colitis underscored the therapeutic potential of shenling baizhu powder (SBP) treatment. The SBP treatment was 
associated with the suppression of the TLR5/MyD88/NF-κB pathway.77 Moreover, a study on the SAMP1/YitFc 
(SAMP) mouse model of CD-like ileitis revealed that the elevated expression of TLR5 in the epithelium of the ileum 
is implicated in the impaired intestinal barrier integrity, as reflected by the elevated permeability and attenuated 
resistance, as well as dysregulated expression of TJ proteins.78 Collectively, these reports suggest the inhibition of the 
flagellin-TLR5 pathway as a potential therapeutic strategy for the disease.79 Meanwhile, it is essential to conduct further 
experimental studies assessing the applicability of inhibiting the TLR5 signaling pathway in light of studies showing 
reduced TLR5 expression in intestinal mucus of patients with IBD, especially UC.75,80 In accordance with these studies, 
observed downregulation of TLR5 suggests its activation as a therapeutic approach. A study of the therapeutic potential 
of Roseburia intestinalis revealed that the activation of TLR5 signaling induces the expression of thymic stromal 
lymphopoietin (TSLP). The expression of TSLP from IECs induces the secretion of anti-inflammatory cytokines, such 
as IL-10 and TGF-β, by dendritic cells. These cytokines are crucial for the differentiation of regulatory T cells (Treg), 
which are responsible for the suppression of overamplified inflammation, which results in the alleviation of colitis.81 

While the results of this study evidenced consistent upregulation of TLR5 in patients with IBD in multiple cohorts, 
considering it as a therapeutic target requires subsequent experimental assays, particularly with respect to its involvement 
in innate immune and potential unwanted consequences of its inhibition.

In a previous study, by integrating four transcriptomic datasets, the investigation aimed to identify blood-based 
biomarkers for IBD.82 While there are methodological similarities between this study and the previous one, including the 
implementation of DE analysis, WGCNA, and feature selection using RF and LASSO, they are distinct in their 
objectives and results. Firstly, the previous study integrated four transcriptomic datasets (GSE71730, GSE86434, 
GSE94648, and GSE119600),82 whereas the present study merged five transcriptomic datasets (GSE71730, 
GSE86434, GSE94648, GSE119600, and GSE126124) to form the source data for biomarker discovery. By expanding 
the data source by adding GSE126124, the present study benefits from a larger sample size for biomarker discovery. 
Secondly, the previous study aimed to identify IBD biomarkers and therefore considered CD and UC collectively as 
IBD,82 whereas the present study was designed to capture subtype-specific biomarkers, irrespective of the outcome. 
Lastly, while the previous study accentuated the diagnostic value of downregulated FEZ1 for IBD,82 the present study 
identifies upregulated TLR5 as demonstrating promising diagnostic potential.

While this study underscored upregulated TLR5 as a potential blood-based biomarker for IBD, it did not reveal 
CD-specific and UC-specific biomarkers, the prime research objective of this investigation. It is plausible to 
hypothesize that prospective transcriptomic analysis focusing on subtype-specific DEGs and analyzing them by 
ML methods may be able to underscore potential subtype-specific diagnostic biomarkers. At multiple stages, this 
study underscored the resemblance of blood transcriptomic alterations between CD and UC. Therefore, intestinal 
transcriptomics may better reflect the distinctions of these two subtypes. Moreover, multi-gene diagnostic panels 
may more efficiently stratify subtypes than single-gene approaches.

This study encountered multiple limitations. Firstly, single-omics-based studies do not comprehensively represent the nature 
of alterations in disorders. For instance, transcriptomic alterations are post-transcriptionally regulated by epigenetic modifica
tions, leading to a distinct spectrum of disturbance in the protein level. Secondly, the heterogeneity of datasets might have 
implicitly attenuated the power of computational methods to unveil efficient subtype-specific biomarkers. Thirdly, the absence 
of functional validation, in vitro, and in vivo experiments highlights the need for further assays elucidating the applicability of 
TLR5 as a diagnostic marker for IBD. In addition, the reduction in the number of analyzed genes following the integration of 
independent datasets was a limitation associated with employing an integrated transcriptomic approach. This might have 
concealed genes demonstrating a promising diagnostic performance. Therefore, it is plausible to assume that future studies 
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benefiting from a larger number of genes than those included in this study may unveil CD-specific and UC-specific diagnostic 
transcripts. Moreover, miRNAs visualized as regulators of hub genes present a predictive regulation based on the miRDB, and 
the lack of experimental validation necessitates interpretation of findings in light of this fact. Furthermore, differences in 
clinicodemographic characteristics, such as age, gender, smoking history, and comorbidities, between cases and controls might 
have implicitly affected the subtype-biomarker discovery. Lastly, given the involvement of Toll-like receptors (TLRs) in innate 
immunity, upregulation of TLR5 may reflect the activation of innate immunity in the periphery rather than tracking IBD-specific 
pathogenic signatures, and it is crucial to evaluate the specificity of this transcript for IBD. Nevertheless, the reproducibility of 
its efficient diagnostic power suggests TLR5 as a candidate for participating in the development of multi-gene diagnostic panels.

Conclusion
There is an unmet demand to identify reliable noninvasive diagnostic markers for CD and UC, given the 
increasing global burden of these inflammatory bowel disorders. While the initial aim of this study was to identify 
CD-specific and UC-specific diagnostic markers, it eventually led to the discovery of the diagnostic power of 
TLR5 for both subtypes of the disease and failed to discern subtype-specific biomarkers. At multiple stages, the 
results reflected the similarity of blood transcriptomic alterations between CD and UC. For instance, functional 
enrichment analysis of DEGs highlighted a highly similar spectrum of pathways in subtypes; CD4 was identified 
as the central hub gene, and miR-15a-5p, miR-15b-5p, miR-16-5p, and miR-195-5p were predicted as regulators in 
networks. More importantly, transcripts identified through subtype-specific analyses were nonspecific for subtypes. 
The limitations of this study, including dataset heterogeneity, lack of experimental validations, and dependence on 
a single-omics approach, underscore the need for further studies illuminating the clinical applicability of findings.
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