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Abstract
Background  The pathogenesis of inflammatory bowel disease (IBD) involves complex molecular mechanisms, and 
achieving clinical remission remains challenging. This study aims to identify IBD-potential biomarkers, analyze their 
correlation with immune cell infiltration, and identify genes that have a causal relationship with IBD.

Methods  RNA-seq datasets for IBD were retrieved from GEO, stratified into discovery (GSE75214), validation 
(GSE36807), and independent testing cohorts (GSE179285, GSE47908). Through comparative expression profiling 
of the discovery cohort, IBD-associated differentially expressed genes (DEGs) were detected. Core candidate genes 
were subsequently prioritized using protein-protein interaction network analysis, further refined through machine 
learning approaches (Random Forest/Support Vector Machines). Immune cell abundance quantification and statistical 
correlation analyses with IBD-associated transcripts were conducted via the CIBERSORTx deconvolution algorithm. To 
complement these findings, blood expression quantitative trait loci (eQTL) data from GTExv8.ALL.Whole_Blood were 
integrated with IBD genome-wide association statistics from the FinnGen consortium. This multi-omics integration 
framework employed: (1) Bayesian colocalization to assess shared causal variants, (2) HEIDI heterogeneity testing, and 
(3) summary Mendelian randomization (SMR) for causal inference validation.

Results  Three genes, IRF1, GBP5, and PARP9, demonstrated significant IBD-promoting effects. The characteristic 
biomarkers of IBD were associated with immune cell infiltration. SMR analysis based on eQTL data showed that IRF1 
was significantly associated with the risk of IBD. Moreover, IRF1 passed the HEIDI test of > 0.05 on gene expression, 
and IRF1 demonstrated the ability to promote the development of IBD.

Conclusions  This integrative analysis identifies IRF1, GBP5, and PARP9 as potential genes associated with IBD 
pathogenesis. SMR analysis based on eQTL data revealed that IRF1 was significantly associated with the risk of IBD. The 
relationship between IRF1 and IBD risk highlights its potential as both a therapeutic target and diagnostic biomarker.
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Introduction
Inflammatory bowel disease (IBD) is characterized as a 
chronic condition marked by episodes of inflammation 
that may temporarily subside before recurring, primar-
ily affecting the gastrointestinal tract. Over time, severe 
inflammation within the intestines can lead to serious 
complications, including ulcers, narrowing of the intesti-
nal lumen, and even perforations. Notably, IBD can cause 
considerable damage to the digestive system, resulting in 
substantial tissue injury, reduced intestinal functionality, 
associated disability, and a state of systemic inflamma-
tion that may impact the individual’s overall health [1]. 
Among the various factors that contributing to suscepti-
bility to IBD, genetic predisposition plays a central role 
[2].

The causative genes responsible for IBD remain incom-
pletely characterized, highlighting the necessity for a 
thorough investigation of crucial molecular signatures 
involved in its development, which may provide potential 
avenues for effective therapies [2]. Recent advancements 
in high-throughput sequencing methodologies have been 
utilized in genome-wide association studies (GWAS) to 
identify susceptibility regions associated with IBD [3]. 
However, the complex and multifaceted mechanisms 
that underlie IBD present substantial challenges in effec-
tively translating these identified risk loci into practical 
clinical treatments. The development of quantitative trait 
loci (QTL) data and new statistical methodologies has 
promoted the expression quantitative trait loci (eQTL) 
analysis, which supports the rational integration of mul-
tidimensional data [4, 5]. Mendelian randomization is 
based on the essential concept of randomly assigning 
parental alleles to their offspring, which is in line with the 
three key assumptions underlying causal reasoning [6]. 
This approach facilitates the identification of geno-phe-
notypic causal relationships at the transcriptome level.

Multiple transcriptional datasets were acquired from 
the Gene Expression Omnibus (GEO) database, sourced 
from both IBD patients and control subjects for this 
study. This included including four expression profiles: 
GSE75214, GSE47906, GSE179285 and GSE36807. The 
primary analysis was conducted on GSE75214, while 
the test datasets comprised GSE47906 and GSE179285, 
which were subsequently processed separately and veri-
fied using GSE36807.Initially, an analysis was conducted 
to identify differentially expressed genes (DEGs) that 
distinguish between individuals with IBD and healthy 
controls. Following this, a weighted gene co-expression 
network analysis (WGCNA) was conducted based on 
these DEGs, allowing for the identification and filter-
ing of key gene modules that play a significant role in 
the pathology of the disease. After establishing the rel-
evant gene modules, the key genes identified through the 
WGCNA and DEGs were further analyzed using GO and 

KEGG enrichment analyses. Subsequently, the key genes 
were subjected to protein-protein interaction (PPI) net-
work selection and machine learning-based integration 
workflows. The generation of hub genes, which exhibited 
excellent diagnostic results in both training and testing 
cohorts, was further evaluated alongside their expression 
and associated patterns with IBD. Combined with tran-
scription factor (TF) prediction, pathways involved in the 
co-regulation of hub genes in IBD were systematically 
identified. The infiltration level of immune cells in IBD 
were quantified using the CIBERSORT method to screen 
for key immune cell types showing a high correlation 
with hub genes. Finally, SMR and Bayesian colocalization 
analyses were conducted based on large-scale GWAS, 
and eQTL analyses were performed to explore the causal 
effects of hub genes on IBD risk.

Methods
Study design
Based on the GEO database, this study identified the 
intersection genes related to IBD through WGCNA and 
DEG analysis. Subsequently, hub genes were further 
screened using PPI analysis and machine learning. Mean-
while, eQTL data and GWAS data related to IBD were 
integrated to verify the causal relationship between hub 
genes and IBD. The workflow of the analysis is shown in 
Fig. 1.

Data collection and analysis
Three distinct gene expression profiles (GSE75214, 
GSE179285, and GSE47908) related to patients with IBD 
were obtained from the GEO database. GSE75214 was 
designated as the training group for this study, compris-
ing a sample of 133 IBD patients and 22 non-IBD controls 
[7]. After removing the batch effects from GSE179285 
and GSE47908, the datasets were merged into the test 
group using the R package “sva” (version 3.50.0). Subse-
quently, the gene expression profile was subjected to log-
arithmic transformation, and the data were normalized 
using the “normalize Between Arrays” function from the 
R package “limma” (version 3.58.1) [8].

Weighted gene co-expression network analysis of DEGs
To build a WGCNA for DEGs, we utilized the R package 
“WGCNA” (version 1.73). The objective was to identify 
gene modules significantly linked to IBD [9]. Initially, we 
explored soft threshold powers (β) to establish a scale-
free network topology. Subsequently, we generated a 
weighted adjacency matrix, which was then converted 
into a topological overlap matrix. For hierarchical clus-
tering, the dissimilarity measure based on TOM was cal-
culated. We applied the dynamic tree cutting method to 
identify distinct modules by clustering genes based on 
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their similarity. Genes showing a strong association with 
IBD were selected for further analysis.

GO and KEGG enrichment analysis of key gene
The genes that intersect between the significant co-
expressed genes identified through WGCNA and DEG 
were analyzed for functional and pathway annotations. 
These annotations related to human diseases, biologi-
cal functions, and signaling pathways may reveal con-
nections between the overlapping genes associated with 
IBD [10], thereby clarifying the roles of these genes in 
IBD. Consequently, a comprehensive enrichment analysis 
for GO and KEGG was performed on these overlapping 
genes using the R packages “clusterProfiler” and “DOSE” 
(version 3.28.2) [11, 12].

Construction of protein-protein interaction networks
Using the Search Tool for the Retrieval of Interacting 
Genes (STRING) database, a network depicting protein-
protein interactions (PPI) was formulated. This network 
specifically focused on the intersection of DEGs and 
those genes identified through WGCNA. The visualiza-
tion of these intersections was achieved using Cytoscape 
software (version 3.9.1) [13, 14]. To further identify the 
top 20 genes exhibiting the highest binding coefficients 
within the PPI network, all five sequencing algorithms 
available in the Cytoscape plug-in cytoHubba were 

employed. Additionally, the DEGREE algorithm was 
applied for further filtering of genes within the PPI net-
work [15].

Select features through machine learning-based 
ensembles
The key genes identified through the application of five 
PPI network analysis algorithms were subsequently inte-
grated into diverse machine learning frameworks [16]. A 
comprehensive panel of twelve distinct machine learn-
ing algorithms was implemented, spanning regulariza-
tion methods (Lasso, Ridge, ElasticNet), generalized 
linear model approaches (Stepglm, glmBoost, plsRglm), 
ensemble learning techniques (Random Forest, GBM, 
XGBoost), pattern recognition models (SVM, LDA, Naive 
Bayes), and gradient boosting frameworks. This multi-
paradigm design encompassed both linear regression 
frameworks and advanced nonlinear learning structures 
to ensure robust analytical coverage. The computational 
framework incorporated a dual-algorithm architecture: 
(1) feature ranking through recursive feature elimination 
for predictor screening, and (2) predictive model con-
struction via stacked generalization. Implemented under 
stratified 10-fold cross-validation schema, this ensemble 
strategy generated 113 unique algorithmic permutations 
through systematic hyperparameter optimization. Fol-
lowing this preparatory step, our comprehensive machine 

Fig. 1  Flowchart of the study
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learning framework commenced with four algorithms 
capable of performing feature selection: Lasso, Random 
Forest, Stepglm, and glmBoost. These algorithms were 
instrumental in refining gene selection, thereby narrow-
ing the focus to a more manageable range. After this 
initial filtering process, eight additional algorithms were 
utilized to fit the prediction model based on the gene 
set selected by the earlier four algorithms. This rigorous 
approach culminated in testing a total of 113 model com-
binations, each of which underwent hyperparameter tun-
ing and fitting under the stringent conditions of a 10-fold 
cross-validation framework. Subsequently, all generated 
model combinations were evaluated using both training 
and testing cohorts. The performance of each model was 
assessed by calculating the AUC scores, which serve as a 
critical metric for determining model efficacy. The model 
that demonstrated the highest mean AUC score across 
the training and testing cohorts was deemed optimal. 
From this best-performing model, the trait genes were 
extracted, providing valuable insights into the genetic 
factors influencing the studied traits.

Diagnostic power, expression levels, and associated 
patterns of hub genes
To examine the diagnostic efficacy of crucial genes in 
IBD, the AUC score from the ROC analysis was evaluated 
using the R package “pROC” (version 1.18.5). This score 
assesses the classification accuracy between the IBD and 
control groups [17]. In both the training and validation 
cohorts, genes showing an AUC greater than 0.7 in differ-
entiating IBD from controls were identified as significant 
genes that could serve as biomarkers for IBD diagnosis. 
Subsequently, the R package “glmnet” (version 4.1-8) 
was employed to develop a logistic regression model for 
assessing the combined diagnostic proficiency of the key 
genes in both the training and validation cohorts. Corre-
lation analysis and visualization of the key genes in the 
validation cohort were conducted with the aid of the 
“PerformanceAnalytics” package (version 2.0.8).

Analysis of the expression level of transcription factors and 
their interaction with hub gene
To investigate the upstream mechanisms governing hub 
genes, an analysis of the TRRUST v2 database was con-
ducted to identify potential transcription factors (TFs) 
interacting with these hub genes (www.grnpedia.org/
trrust, accessed August 8, 2024) [18]. The 10 predicted 
TFs with the highest sentence rankings in the database 
were selected. It is possible that TFs upregulated in IBD 
actively influence these hub genes. Next, correlation 
analyses were performed for key TFs and pivotal genes.

CIBERSORT evaluated IBD immune cell tags and identified 
immune cell types that were highly correlated with the 
hub gene
Immune cell dynamics in IBD were interrogated through 
CIBERSORT-based deconvolution, which employs linear 
support vector regression to systematically resolve cel-
lular heterogeneity from complex expression matrices. 
CIBERSORT provides expression data for 22 types of 
immune infiltrating cells in CIBERSORTx (​h​t​t​p​​s​:​/​​/​c​i​b​​e​r​​s​
o​r​​t​x​.​​s​t​a​n​​f​o​​r​d​.​e​d​u​/), including the different cell types and 
functions of immune cells. Subsequently, the correlation 
patterns between hub genes and key immune cell types 
were assessed, revealing significant upregulation in IBD 
compared to controls.

Bayesian colocalization analysis
Bayesian colocalization analysis evaluates the consistency 
of causal variation between exposures and outcomes, 
helping to prevent false signals in MR that may arise from 
cascade imbalance or pleiotropy [19]. Consequently, the 
analysis was conducted using the ‘COLOC’ software 
package. Five competing causal hypotheses were formu-
lated, categorized by their distinct causal architectures: 
H0 (null association), H1 (exposure-specific effects), H2 
(outcome-restricted linkage), H3 (pleiotropic association 
with variant heterogeneity), and H4 (shared causal vari-
ants). Statistical significance was established when the 
posterior probability hypothesis for H4 (PPH4) exceeded 
the 0.8 threshold, thereby confirming colocalization 
through common pathogenic mechanisms [19].

SMR analysis
The SMR platform was deployed on Linux systems to 
execute cis-regional analyses, incorporating an evalu-
ation of instrumental variable heterogeneity using the 
HEIDI test [20]. This SNP-focused MR methodology 
interrogates genetic instruments through single nucleo-
tide polymorphisms. For causal inference, expression 
quantitative trait loci were modeled as exposures, com-
plemented by genome-wide association study outcome 
data extracted from the FinnGen biobank. This analy-
sis primarily assesses whether there exists a causal or 
pleiotropic relationship between gene expression and 
phenotype, indicating shared causal variants. The ana-
lytical pipeline retained default SMR configurations, 
implementing an FDR-controlled multiplicity adjust-
ment (α < 0.05) concurrent with HEIDI-based pleiotropy 
screening (empirical p < 0.05). This dual-threshold frame-
work required concordant evidence thresholds: genome-
wide significance (α < 0.05) for polygenic signal detection 
and mechanistic filtering (p < 0.05) to exclude mediation 
chain artifacts from the final causal inferences [20].

http://www.grnpedia.org/trrust
http://www.grnpedia.org/trrust
https://cibersortx.stanford.edu/
https://cibersortx.stanford.edu/
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Drug-gene interactions and potential therapeutic targets
Evaluating drug-gene interactions is critical to deter-
mine whether a target gene can be used as an actual drug 
target. In this study, we analysis based on DSigDB data-
base [21]. The cross-module retrieval of relevant genes 
through an interactive interface that links drugs and 
other compounds to target genes enables prediction of 
potential drug candidates, thereby assessing the thera-
peutic potential of these target genes [2].

Statistical analysis
Statistical evaluations were conducted with R program-
ming (version 4.3.3). To assess hub gene expression pat-
terns, Pearson correlation coefficients were calculated. 
Furthermore, Spearman’s rank-order method was applied 
to evaluate potential associations between immune cell 
infiltration profiles and the identified hub genes’ tran-
scriptional activity. In this research, p < 0.05 was deemed 
statistically significant.

Results
A total of 1816 differential genes associated with IBD were 
identified
A total of 1816 DEGs were identified with log2FC > 0.585 
and FDR < 0.05 between the IBD group and the Control 
group (Fig. 2).

WGCNA identified key modules on DEGs that are closely 
related to IBD
As shown in Fig.  3, MElightyellow, MEblack, and 
MEgrey60 were significantly positively correlated with 
IBD (R > 0.5, p < 0.05). Moreover, the distribution of gene 
significance (GS) was significantly different between 

modules (p < 0.05). Thereafter, an intra-module analysis 
was performed, revealing a significant positive correla-
tion between module members (MM) and gene signifi-
cance (GS) in MElightyellow (R = 0.7, p < 0.05) (Fig.  3). 
Finally, the genes in the MElightyellow module (n = 1094) 
were treated as IBD-related genes for further analysis.

Substantial overlap between key modules 
indicates a close relationship between the 
biological functions and pathways associated with 
IBD
Comparing the WGCNA and DEG significantly positive 
gene modules, the intersection between these identified 
modules was obtained. A total of 77 genes were found in 
both the MElightyellow and DEG modules of WGCNA 
(Fig.  4(A)). Subsequently, the identified intersection 
genes were subjected to GO and KEGG enrichment 
analyses. The GO enrichment analysis suggested that 77 
genes were highly correlated with biological membranes, 
such as the external side of plasma membrane, lysosomal 
membrane, lytic vacuum membrane, and vacuum mem-
brane (Fig. 4(B)). The KEGG enrichment analysis found 
that 77 genes were predominantly related to influenza A 
and Epstein-Barr virus infections. Furthermore, the nod-
like receptor signaling pathway and chemokine signaling 
pathway were identified as the primary molecular path-
ways implicated in these genes (Fig. 4(C)).

Fig. 2  DEG analysis to identify IBD from a training cohort of n = 155 (133 IBD and 22 non-IBD controls). (A) DEGs volcano plot. (B) Cluster heat map of 
DEGs in the IBD group and the control group
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Based on the integration and screening of 
PPI network analysis and machine learning, 6 
characteristic genes of IBD were obtained
The Degree algorithm in cytoHubba was utilized, yield-
ing an interactive network of genetically dominant PPIs 
and identifying the 15 most important key genes.

Machine learning-based integration of the expression 
profiles of 15 genes to filter key genes for IBD (Fig. 5(A)). 
In this research, a total of 113 predictive classification 
models were constructed and applied to the training and 
testing datasets utilizing a cross-validation framework. 
The integration algorithm of RF + NaiveBayes achieved 
the highest average AUC score of 0.855 in both the train-
ing and testing groups, thereby being identified as the 
most effective classification model. (Fig.  5(B)). Conse-
quently, a set of 6 characteristic genes STAT1, PARP9, 
IRF1, GBP5, OAS2, and TRIM22 were obtained from the 
RF + NaiveBayes algorithm.

IRF1, GBP5, and PARP9 are diagnostic biomarkers for IBD
To evaluate the diagnostic ability of the six characteris-
tic genes, ROC curve analysis was performed in both 
the training and testing cohorts. The results showed that 
the AUC value for IRF1, GBP5, and PARP9 in the train-
ing cohort were greater than 0.95 (Fig. 6(A)), indicating 
high sensitivity and specificity to distinguish between 
IBD and control. Therefore, IRF1, GBP5, and PARP9 
were identified as central genes of IBD and can serve as 
potential diagnostic biomarkers. In addition, a model 
was constructed based on the combination of the three 
central genes, yielding significantly improved diagnos-
tic performance in both the training (AUC = 0.994) and 

testing cohort (AUC = 0.843, 0.728). The evaluation of the 
diagnostic accuracy, relevance, and expression patterns 
of IRF1, GBP5, and PARP9 was conducted across three 
different datasets (GSE179285 and GSE47908 as test 
sets and GSE36807 as external validation set) (Table  1). 
Despite the variation in sample sources among these 
datasets, the strong diagnostic capabilities and increased 
expression levels of these genes were reaffirmed, par-
ticularly for IRF1 (all AUC > 0.75). A significant pat-
tern of upregulation of the three central genes in IBD 
was observed in external validation cohorts (p < 0.001) 
(Fig. 6(B)).

CIITA, STAT3, RELA, STAT2 are transcription factors 
that actively target the characteristic genes IRF1 
and STAT1
Based on the TRRUST v2 database, 6 TFs targeting char-
acteristic genes were recruited (STAT2, CREBBP, CIITA, 
STAT3, TP53, RELA) (Table 2). In the training and test-
ing cohorts, a total of 4 TFs (CIITA, STAT3, RELA, 
STAT2) were increased in IBD and were considered key 
TFs in IBD progression. The above TFs were all related to 
IRF1 and STAT1. Figure 7(A) further illustrates the cor-
relation pattern of 2 characteristic genes and 4 key TFs in 
IBD, with STAT2 significantly correlating with IRF1 and 
STAT1.

The regulatory network involving IRF1 and STAT1-
related TFs is shown in Fig.  7(B). The top three 
enrichment functions were cellular response to inter-
feron-gamma, response to interferon-gamma, and 
response to type I interferon.

Fig. 3  Differential analysis and WGCNA Results for display of IBD; (A) threshold for WGCNA analysis. (B) Module-trait relationships. Each cell contains the 
corresponding correlation and p-value
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Elevated macrophage M1 cell infiltration and 
decreased plasma cell infiltration are highly 
correlated with central genes
M1 macrophages demonstrated a notable increase in 
infiltration, along with a positive correlation to central 
genes in both the IBD training and validation cohorts. 
In addition, plasma cells, T cells CD8, and activated NK 
cells showed significantly downregulated infiltration and 
negative correlation with central genes in the IBD train-
ing cohort. Moreover, M2 macrophages, plasma cells, 
and resting mast cells showed significantly downregu-
lated infiltration and negative correlation with central 
genes in the IBD validation cohort, indicating that M1 
macrophages and plasma cells play a key role in immune-
related pathways regulated by hub genes (Fig. 8).

Elevated IRF1 in IBD patients has strong diagnostic 
value and has a positive causal relationship with 
IBD risk
To investigate the potential of genes biomarkers associ-
ated with genetic variation, SMR analysis was performed 
based on eQTL data and large-scale GWAS data (Finn-
gen database), followed by HEIDI (Supplementary Mate-
rial SM1). After Bonferroni correction and colocalization 
analysis, 133 genes were found to be associated with IBD 
risk (Fig. 9(A)). Among them, IRF1 was also the central 
gene for IBD. Ultimately, a positive correlation was found 
between IRF1 and IBD risk (P < 0.05) (Fig. 9(B), Table 3). 
Therefore, a higher IRF1 may correspond to an increased 
risk of IBD.

Fig. 4  Overlap genes in WGCNA and DEG significantly positive gene modules. (A) The Venn diagram of genes among DEGs and co-expression modules. 
(B) GO enrichment analysis. (C) KEGG enrichment analysis
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Discussion
This study has made innovative breakthroughs in the 
integration of multi-dimensional methods and the analy-
sis of immune regulatory networks. First, we integrated 

the systematic validation framework of bioinformatics, 
machine learning and Mendelian randomization (SMR, 
HEIDI test) to systematically verify the importance 
of IRF1, GBP5 and PARP9 in IBD from a multi-omics 

Fig. 5  (A) The top 15 pivotal genes in the PPI network. (B) 113 machine learning algorithm combinations evaluated via 10-fold cross-validation
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perspective. The causal association between IRF1 genetic 
variation and IBD was confirmed for the first time by 
SMR analysis (b_SMR = 1.5029, p = 2.59E-09), which 
broke through the limitations of traditional functional 
prediction studies and provided genetic evidence for the 
pathogenesis of IRF1. Secondly, through CIBERSORT 
and regulatory network analysis, the positive interaction 
between M1 macrophage infiltration and IRF1/GBP5 
was revealed. By further constructing the “gene-immune 

cell/transcription factor” cooperative regulatory net-
work, the deficiency of single gene function research is 
supplemented.

The methodological system of this study presents 
unique advantages in both single method and integrated 
analysis. At the level of individual methods, this study 
reduced the randomness of single gene analysis through 
modular screening through bioinformatics (WGCNA/
PPI), improved diagnostic specificity through cross-
validation through machine learning (RF + NaiveBayes), 
and established the causal relationship between gene and 
disease by using genetic variation to avoid environmen-
tal confusions. SMR combined with eQTL data to distin-
guish the direct genetic regulatory mechanisms of gene 
expression. At the integration level, we achieved the leap 
from correlation to mechanism analysis through the for-
mation and verification of multi-omics evidence chains 
from biomarkers, immune interaction to genetic cau-
sation, combined with HEIDI test to eliminate linkage 
interference. This multi-omics strategy effectively avoids 
the limitations of a single technique and provides a new 
systems-biology perspective for the pathogenesis of IBD.

Considering the high incidence of IBD, early diagnosis 
and early treatment are crucial [22, 23]. The identification 
of IBD typically relies on endoscopic examination and 
histological analysis, although significant delays in clini-
cal diagnosis remain prevalent [24, 25]. Consequently, 
it is essential to discover biomarkers in individuals with 
IBD. This research aims to identify potential diagnostic 
biomarkers for IBD and to investigate the connections 
between them.

Table 1  AUC of six characteristic genes in the training set, test 
sets, and external validation set
Gene Training Test1 Test2 Average AUC Validation
IRF1 0.97 0.78 0.856 2.606 0.929
GBP5 0.966 0.734 0.81 2.51 0.852
STAT1 0.992 0.687 0.812 2.491 0.852
PARP9 0.98 0.72 0.754 2.454 0.964
TRIM22 0.903 0.679 0.87 2.452 0.714
OAS2 0.946 0.644 0.769 2.359 0.908

Table 2  TFs targeting characteristic genes
Key TF Description P value FDR
STAT2 signal transducer and activator of 

transcription 2, 113 kDa
4.63E-06 2.78E-05

CREBBP CREB binding protein 2.52E-05 7.56E-05
CIITA class II, major histocompatibility 

complex, transactivator
3.90E-05 7.80E-05

STAT3 signal transducer and activator 
of transcription 3 (acute-phase 
response factor)

0.000827 0.00124

TP53 tumor protein p53 0.0011 0.00132
RELA v-rel reticuloendotheliosis viral 

oncogene homolog A (avian)
0.00365 0.00365

Fig. 6  ROC curve and expression level of characteristic genes. (A) ROC curves of 6 characteristic genes in the training set, test sets and external validation 
set. (B) Expression levels of three hub genes in external validation sets
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Among these three key genes, the interferon regulatory 
factor (IRF) family serves as a transcriptional regulator 
of the interferon system, which is curcial in modulat-
ing the body’s immune response. IRF1 was identified by 
Miyamoto et al. as a protein that binds to the regulatory 
elements of the human IFNβ gene. Under normal condi-
tions, IRF is ubiquitous in the body and is expressed at 
low levels; however, in cases of viral infection or inflam-
mation, IRF, especially IRF1 is significantly up-regulated 
[26]. Beyond its canonical roles, the molecule exhibits 
transcription factor activity that modulates fundamental 
processes including but not limited to inflammatory sig-
naling and proliferative dynamics in tumorigenesis [26, 
27]. IRF1 is predominantly expressed in structural cells, 
such as epithelial cells, endothelial cells, fibroblasts [28], 
intestinal epithelial cells [29], and skin structural cells 
[28]. As a key transcription factor, IRF1 promotes the 
shedding of intestinal epithelial cells triggered by tumor 
necrosis factor α (TNF-α) through a Caspase-3-de-
pendent pathway, which is closely associated with the 
pathogenesis of IBD [30]. Therefore, inhibition of IRF1 
expression may represent a potential therapeutic strategy 
for IBD [31]. This is consistent with our findings.

GBP5 belongs to the family of GTPases and is nota-
bly induced by interferon gamma (IFN-γ). This protein 
play a significant role in mediating various inflammatory 
responses within cells. Through its activation by IFN-
γ, GBP5 participates in the complex signaling pathways 
associated with inflammation, highlighting its crucial 
role in the body’s immune response mechanisms, which 
include the activation of intracellular inflammasomes and 
the release of cytokines [32]. Furthermore the expression 

of GBP5 is elevated in the colonic mucosa of patients 
with IBD. It is predominantly expressed in immune cells, 
including T lymphocytes, antigen-presenting cells, and 
macrophages [33].

Recent studies have confirmed the pro-inflammatory 
effects of GBP5 in IBD. When GBP5 is induced, the 
expression of caspase 1, gasdermin D and IL-1β is ele-
vated. The NLRP3 inflammasome comprises the NLRP3 
(inflammasome sensor), ASC (adaptor protein), and cas-
pase 1 (effector). Activation of the NLRP3 inflammasome 
leads to the production of active forms of the pro-inflam-
matory cytokines IL-1β and IL-18. Therefore, it is plau-
sible that the pro-inflammatory effects of GBP5 may be 
mediated by the NLRP3 inflammasome [33, 34].

As a member of the PARPS family, PARP9 participates 
in the interferon IFN-γ signal transducer and activator of 
the STAT1 pathway, thereby promoting cell growth, via-
bility, and motility [35]. In addition, it plays an essential 
role in the inflammatory process, exerting anti-inflamma-
tory effects and participating in DNA repair and regula-
tion of gene transcription. According to research, PARP9 
is involved in the disease processes associated with IBD, 
rheumatoid arthritis (RA), and other inflammatory 
diseases. Nonetheless, the exact mechanism remains 
unclear. For example, excess NAD + in IBD may lead to 
increased intestinal inflammation by increasing the activ-
ity of enzymes that consume NAD+, such as PARP9 [36].

In our research, the CIBERSORT algorithm was used 
to investigate the connection between IBD characteris-
tic genes and immune cell infiltration. Numerous stud-
ies have indicated that the immune microenvironment 
plays a crucial role in the development of IBD. Mitsialis 

Fig. 7  Interaction between TFs and characteristic gene-related pathways (A) Heatmap of the correlation between TFs and characteristic gene expression 
in HF (B) Regulatory network of TFs associated with characteristic genes
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Fig. 8 (See legend on next page.)
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and colleagues identified notable variations in certain 
immune cell populations within mucosal and blood 
specimens of patients with UC [37]. Our study revealed 
that IRF1, GBP5, PARP9, and M1 macrophages were 
positively regulated in IBD, whereas plasma cells were 
negatively regulated. Nevertheless, these findings require 
further research to validate the role of immune response 
modulation in IBD.

The results revealed that three hub genes (IRF1, PARP9, 
GBP5) and four key TFs (CIITA, STAT3, RELA, STAT2) 
may be potential therapeutic targets for IBD. Addition-
ally, several small molecule drugs targeting these hub 
genes were predicted, including digitoxin niclosamide, 
digoxin, budesonide, celecoxib, hexachlorophene, podo-
phyllotoxin, doxorubicin hydrochloride, rubidomycin 
hydrochloride targeting STAT3;and vincristine sulfate, 
vinblastine sulfate, pyrimethamine, voriconazole, podo-
phyllotoxin, flouridine, dexamethasone, trifluridine, and 
doxorubicin hydrochloride targeting RELA. Further 
exploration of the drug actions and molecular mecha-
nisms in cellular and animal studies is necessary.

Previous analyses reported that the three hub genes 
may hold promising potential as molecular diagnostic 
biomarkers and therapeutic targets for IBD. To further 
investigate the potential of these three hub genes as bio-
markers for IBD, the current study employed SMR and 
HEIDI to assess the pleiotropic association between gene 
expression levels and IBD based on GWAS and eQTL 
data. As a result, a significant causal association was 
found between IRF1 and an increased risk of IBD. Nota-
bly, genetic variants in IRF1 have been shown to promote 

the development of IBD on large-scale GWAS data, 
implying the great potential of IRF1 as a biomarker for 
IBD.

Despite the findings, it is important to recognize the 
limitations of the current research. Firstly, both the IBD 
GWAS dataset and the blood eQTL data are character-
ized by limited sample sizes, which may undermine the 
reliability of the results. Therefore, future research should 
incorporate larger GWAS and QTL datasets, as well as 
complementary analyses such as TWAS and colocaliza-
tion [38], to yield more dependable and meaningful find-
ings. Additionally, the study’s population was exclusively 
European, which restricts the applicability of the out-
comes across diverse global populations. Thus, it is cru-
cial to gather a broader spectrum of demographic data 
to validate our findings. Furthermore, this investigation 
exclusively examined eQTL data from blood samples 
and did not include protein data. Given the complex 
mechanisms by which biomarkers influence IBD patho-
genesis, further molecular investigations, including gene 
knockout studies and pharmacological assessments in 
cellular or animal models, are essential to support our 
conclusions.

Through a combination of different levels of bioinfor-
matics, Mendelian randomization, and SMR analysis, 
our study reveals the relationship between IRF1 and IBD, 
offering new insights into the mechanisms of the dis-
ease and identifying potential therapeutic targets. Future 
research should delve deeper into its function and mech-
anism of action, thereby paving the way for new avenues 
in IBD treatment.

(See figure on previous page.)
Fig. 8  Investigating the immune traits related to IBD and the immune infiltrating cells associated with central genes. (A) Correlation analysis of key im-
mune cells in the training cohort. (B) Heat map of immune cells. (C) Analysis of 22 important immune-infiltrating cells in the training cohort and (E) vali-
dation cohort. (D) Lollipop plot showing the correlation between the central genes and immune infiltrating cells in the training set and (F) validation set

Fig. 9  SMR analysis based on eQTL data and large-scale GWAS data (Finngen database). (A) Manhattan plot showing genes associated with IBD. (B) Scat-
ter plot showing that IRF1 is positively associated with IBD risk
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Conclusion
Several potential genes associated with IBD were iden-
tified, including IRF1, GBP5, and PARP9. SMR analysis 
based on eQTL data revealed that IRF1 was significantly 
associated with the risk of IBD. Additional functional 
research is necessary to clarify the mechanisms involved, 
which would aid in the advancement of targeted molecu-
lar therapies and immunotherapies for IBD.
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