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Background: The course of Crohn’s disease (CD) is prolonged and many of them may develop kidney stone disease (KSD) with the 
need for surgical treatment. Therefore, finding biomarkers that can predict CD with KD become increasingly important.
Methods: We obtained three CD and one KSD dataset from GEO database. DEGs and module genes were identified utilizing Limma 
and WGCNA. We constructed a protein-protein interaction (PPI) network and employed machine learning algorithms to pinpoint 
potential hub genes (HGs) for diagnosing CD with KSD. We developed a nomogram and receiver operating characteristic (ROC) 
curve. Additionally, human intestinal cell and proximal tubular epithelial cell models were established to explore the HG levels. Next, 
we used Cytoscape to build the regulatory networks. Finally, single-cell analysis was performed to investigate specific cell types 
displaying these biomarkers in CD.
Results: We identified 36 common genes associated with CD and KSD. PYY, FOXA2, REG3A, REG1A, REG1B were identified as 
HGs utilizing the machine learning algorithm. The nomogram and all five potential HGs exhibited strong diagnostic capabilities. Cell 
experiments also verified that these genes were markedly expressed in cell models of CD and KSD. Meanwhile, we pinpointed four 
microRNAs and three transcriptional regulators intimately linked to five crucial genes. Finally, single-cell analysis indicated FOXA2, 
REG3A, REG1A and REG1B exhibited elevated expression in goblet cells, whereas PYY demonstrated high expression levels in 
coloncytes.
Conclusion: We determined five biomarkers, including PYY, FOXA2, REG3A, REG1A, REG1B. Our results offer useful perspec
tives for identifying CD with KSD.
Keywords: Crohn’s disease, kidney stone disease, hub genes, bioinformatics analysis, machine learning, single-cell RNA-seq

Introduction
Inflammatory bowel disease (IBD), encompassing Crohn’s disease (CD) and ulcerative colitis (UC), represents a chronic 
intestinal condition with a high recurrence rate that can lead to varying degrees of damage to the digestive system, 
dysfunction of organs and even disability.1 CD is highly prevalent, and its incidence is increasing in adolescent and 
pediatric populations.2 The CD is considered to be a heterogeneous disease, and an intricate interplay among genetic 
predisposition, specific environmental elements, and modified intestinal microbiota may lead to the dysregulation of 
immune responses in CD.3–5

Urolithiasis, also referred to as nephrolithiasis or kidney stone disease (KSD), ranks among the most prevalent urinary 
system disorders.6 The prevalence and incidence of kidney stones have increased globally, partly due to the 
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advancements in medical imaging.7 Generally, urinary supersaturation and crystallization are influenced by a variety of 
factors, such as urine pH and concentrations of calcium, uric acids, and drugs, contributing to the development of kidney 
stones.8 The calcium stone found in KSD primarily consists of calcium oxalate (CaOx), which may be present in 
a uniform composition or combined with calcium phosphate (CaP) and uric acid.9 Research indicates that IBD is linked 
to an elevated incidence of kidney stone formation, occurring in 5 to 10%.10 Moreover, a larger number of cases of KSD 
was more likely to be found in CD patients instead of UC, indicating that there was a strong correlation between KSD 
and CD.11 The underlying aetiology of renal stones in CD is believed to be complex, involving intestinal dysfunction and 
enteric hyperoxaluria (EHO).12 Up to 75% of patients with CD require intestinal resection and the association between 
kidney stone formation and bowel surgery in CD is widely recognized, particularly may occur in patients following 
ileostomy formation.13,14 Intestinal inflammatory response and imbalances in the microbiota are also important factors 
leading to the occurrence of kidney stones in CD.15

KSD patients who suffer from CD are often asymptomatic, but oxalate deposition and recurrent urolithiasis can lead 
to severe chronic kidney disease in the long course of CD.16 Therefore, early diagnosis and intervention have great 
clinical value in the subsequent development of the disease. Emerging research has shown genetic evidence supporting 
the causative relationship between genetically predicted CD and KSD, as well as suggesting that CD could raise the risk 
of KSD.17 However, the underlying mechanisms of CD with KSD are far from elucidated and require further study. In 
our research, we employed diverse integrated bioinformatics approaches to uncover the hub genes (HGs) of CD with 
KSD by collecting three CD and one KSD dataset from the gene expression omnibus (GEO) repository. Such findings 
will likely lead to the identification of additional treatment targets.

Materials and Methods
Collection of Microarray Data
The research workflow is illustrated in Figure 1. The data used for analysis and validation came from the GEO database 
(https://www.ncbi.nlm.nih.gov/geo/). Among them, genetic information from the CD datasets GSE95095, GSE36807 and 
GSE6731 and KSD-related dataset GSE73680 were mainly used for analysis, and the datasets GSE75214 and GSE36446 
were used for verification of the results obtained from the analysis. It is important to point out that there are only 
a limited number of datasets on KSD. Among them, GSE117518 was excluded because of the small sample size (3 KSD 
tissues, 3 normal tissues). Hence, we chose the validation set for KSD (GSE36446) while it is a rat dataset. Meanwhile, 
the single cell dataset GSE214695 was also included in this investigation. Table 1 provides comprehensive details 
regarding the datasets.

Data Preprocessing
We downloaded the unprocessed and series matrix files of GSE95095, GSE36807 and GSE6731 from the GEO database. 
Regarding the unprocessed data, we extracted and standardized the probe expression matrices utilizing the R package 
“inSilicoMerging”. Next, we used an robust method of empirical Bayes (EB) to adjust for batch effects in data.18 Finally, 
the combination of multiple data sets was obtained after removing the batch effect.

Screening of Differentially Expressed Genes (DEGs)
The package “limma” was utilized in combined CD dataset as well as KSD dataset to screen the differentially expressed 
genes (DEGs), with meeting the threshold of Fold change > 1.5 and p <0.05. Meanwhile, the R packages “ggplot2” and 
“pheatmap” were utilized to create heat maps and volcano plots of DEGs between groups.

Weighted Gene Co-Expression Network Analysis (WGCNA)
To determine the crucial components associated with KSD, we conducted a WGCNA analysis via the “WGCNA” 
package in R software.19 First, we computed the MAD (Median Absolute Deviation) for individual genes utilizing gene- 
expression arrays, and subsequently eliminated any abnormal samples. The association index between each gene pair was 
calculated to create a resemblance matrix. The adjacency was subsequently converted into a topological overlap matrix 
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(TOM), which was employed to determine the corresponding dissimilarity (1-TOM) and assess the network connectivity 
of a gene. The next phase involved identifying modules using hierarchical clustering and a dynamic tree cut algorithm. 
Grouping genes with similar expression patterns into gene modules was accomplished through average linkage hier
archical clustering, utilizing a TOM-based dissimilarity measure and setting a minimum threshold of 30 genes for the 
gene dendrogram. To further examine the modules, we selected a cut-off point for the module dendrogram, evaluated the 
dissimilarity of the characteristic genes within the modules, and merged several modules. In the end, eight co-expression 

Figure 1 The workflow for this study.

Table 1 Basic Information of GEO Datasets Utilized in This Investigation

GSE Series Experiment Type Sample Size Platform Species Sample Source

Control CD

GSE95095 Expression profiling by array 12 48 GPL14951 Homo sapiens Intestinal biopsy

GSE36807 Expression profiling by array 7 13 GPL570 Homo sapiens Intestinal biopsy

GSE6731 Expression profiling by array 4 7 GPL8300 Homo sapiens Colonic mucosa
GSE75214 Expression profiling by array 22 75 GPL6244 Homo sapiens Colonic mucosa

GSE214695 Expression profiling by high throughput sequencing 6 6 GPL18573 Homo sapiens Colonic mucosa

Control KSD

GSE73680 Expression profiling by array 6 29 GPL17077 Homo sapiens Renal tissues

GSE36446 Expression profiling by array 6 6 GPL6101 Rattus norvegicus Renal tissues
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modules were identified. The modules having the most significant correlation with KSD were regarded as the key 
modules (p < 0.05).

Enrichment of Functions Analysis
The Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) database are widely utilized to 
extract important functional pathways and processes of genes.20 Analyses of GO and KEGG were executed utilizing the 
R package “clusterProfiler”. The Sangerbox platform (http://vip.sangerbox.com/) provided us with visualization tools to 
present the findings for enrichment analysis.

The value of p < 0.05 is set to reach statistical significance for the standard.

Identification of Protein-Protein Interactions (PPIs)
In addition to the functional enrichment analysis, we also constructed the PPI map to explore the associations between 
the protein molecules we were interested in. The STRING repository serves as an online platform designed to build 
comprehensive protein association networks across organisms, encompassing both physical interactions and functional 
relationships.21 PPI network on the basis of STRING (https://cn.string-db.org/, version 12.0), was constructed for 
important interacted gene identification. Homo sapiens was chosen as the target organism for further investigation. 
Interaction scores exceeding a confidence threshold of 0.400 were employed as the cut-off criteria for network 
visualization.

Screening HGs via Machine Learning
Following the acquisition of the candidate genes, a further screening process was conducted using two machine learning 
algorithms, encompassing LASSO regression and random forest (RF). Machine learning models have been spotted in 
cancer diagnosis and health care.22,23 The above two kinds of algorithms were implemented utilizing the “glmnet” 
package and “randomForest” package in R software. The convergence of genes screened by LASSO and RF algorithms 
was considered to be the HGs for the diagnosis of CD with KSD.

Nomogram Plotting and Receiver Operating Characteristic (ROC) Analytic Method
In order to predict diagnosis in CD with KSD, nomogram is constructed based on logistic regression analysis with 
multiple factors by utilizing the R package “rms”.24

Using the expression levels of individual genes, the score of each gene was calculated. The aggregate score signifies 
the total of all the aforementioned gene scores, facilitating prediction of the diagnosis of CD with KSD. Additionally, the 
ROC curve was developed to assess the predictive utility of the identified genes. After that, the 95% confidence interval 
(CI) and the area under the curve (AUC) were computed using the SPSS Statistics software. At last, the diagnostic 
model’s efficacy was evaluated utilizing the validation datasets GSE75214 and GSE36446 to assess its diagnostic 
potential.

Prediction of miRNAs and Transcription Factors That Interact with HGs
Three online miRNA databases, including Targetscan(v8.0), miRWalk(v3.0), miRDB(v6.0), were employed to forecast 
the targeted miRNAs of five HGs. Drawing from the gene-miRNA targeting relationships, choose miRNAs that were 
included in at least two databases, then display and examine the co-expression network using CytoScape. Additional 
usage of the JASPAR profile database (http://jaspar.genereg.net) is needed to identify transcription factors (TFs) that 
interact with HGs.

Single-Cell RNA-Seq Analysis
CD single-cell sequencing dataset Sequencing data were procured from the GEO database (GSE214695) using 6 
CD samples with 6 control samples for subsequent analysis.25 Single-cell gene expression matrices were integrated 
using the Seurat R software package. Mitochondrial gene expression levels were calculated for each cell using the 
PercentageFeatureSet function, and expression complexity was calculated for each cell using Log10 (number of 
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genes)/Log10 (number of RNA transcripts). Substandard cells were eliminated using the subsequent criteria: (i) the 
quantity of identified genes was ≥200; (ii) the proportion of mitochondrial genes was <10%; and (iii) the count of 
erythrocytes was <3%. The data were integrated and standardized using the R software package “harmony”, the 
standardized matrix was downscaled, and the single-cell data were mapped onto two-dimensional coordinates 
utilizing the Uniform manifold approximation and projection (UMAP). Data were mapped on a two-dimensional 
coordinate system, and UMAP plots were drawn according to their pathology-control profile. Cell clustering was 
performed on the single-cell data using the FindNeighbors and FindClusters functions in Seurat, respectively, and 
cell clusters were annotated using known marker genes.

Cell Culture and Treatment
The human colon adenocarcinoma cell line Caco-2 was provided by the National Collection of Authenticated Cell 
Cultures, Chinese Academy of Sciences. Human proximal tubular epithelial cell line HK-2 was procured from 
American Type Cell Culture (ATCC). Firstly, these two kinds of cells were maintained in a medium with 
Dulbecco’s modified Eagle’s medium (DMEM) comprising 10% fetal bovine serum (FBS) under a humidified 
environment of 5% CO2 at 37°C. According to experimental needs, we used Lipopolysaccharide (LPS) (1μg/mL, 
Sigma-Aldrich) to stimulate Caco-2 cells for 24 hours while HK-2 cells were treated with CaOx crystals (2 mm; 
Sigma-Aldrich) for 24 h, as previously described.26,27

qRT-PCR
The extraction of total RNA from cells was executed utilizing the TRIzol reagent. The processes for RNA 
isolation and qRT-PCR were executed following the methodology delineated in an earlier investigation.28 As an 
internal reference, GAPDH was employed. The following oligonucleotide primer sequences were utilized in this 
investigation: Forward: ACTTTGTCAAGCTCATTTCC, reverse: TGCAGCGAACTTTATTGATG for GAPDH. 
Forward: ACGGTCGCAATGCTGCTAAT, reverse: AAGGGGAGGTTCTCGCTGTC for PYY. Forward: 
TGGAGCAGCTACTATGCAG, reverse: CGTGTTCATGCCGTTCATC for FOXA2. Forward: 
GGCACCGAGCCCAATG, reverse: GGATTTCTCTCCCATGCAAAGT for REG3A. Forward: 
AGGAGAGTGGCACTGATGACTT, reverse: TAGGAGACCA GGGACCCACTG for REG1A. Forward: 
GGAGAGTAGCACTGATGACAGC, reverse: TCCCAGGACTTGTAGGAGACCA, for REG1B.

Statistics Analytical Method
R software version 4.3.3 and SPSS Version 26.0 were used to perform statistical analyses. We employed the independent 
Student’s t-test to assess the statistical significance between variables with normal distribution in the two sets of 
continuous data. Conversely, the Mann–Whitney U-test was utilized to find differences between non-normal data. 
P-values below 0.05 indicated statistical significance for differences between groups.

Results
Identification of Differentially Expressed Genes
We chose three microarray datasets: GSE95095, GSE36807, and GSE6731, encompassing 68 CD-affected samples and 23 
normal control samples. Examining the data prior to batch correction (Figure 2A–C) and following batch correction 
(Figure 2D–F) reveals that the batch effect in the combined data was eliminated, and the data underwent normalization. 
Initially, 745 DEGs were identified in the merged CD dataset utilizing the Limma approach (Fold change > 1.5 and p-value 
<0.05), with 474 exhibiting upregulation and 271 showing downregulation. The visualization of the previously mentioned 
data through heat maps and volcano plots is depicted in Figure 3A and B. Likewise, 5584 DEGs were screened out in the 
KSD dataset (GSE73680), comprising 4376 upregulated and 1208 down-regulated genes (Figure 4A and B).
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Weighted Gene Co-Expression Network Analysis and Identification of Key Modules
We employ WGCNA to pinpoint the module most closely linked to KSD. A “soft” threshold β of 28 (scale-free R2 = 
0.86) was chosen on the basis of the scale independence and mean connectivity (Figure 4C and D). Figure 4E illustrates 
the clustering tree graph of the KSD and control. Leveraging this analysis, eight colored gene co-expression modules 
were constructed, as shown in Figure 4F and G. Among them, the darkgreen module (Figure 4H) encompassing 2625 
potential HGs, emerged as the central module due to its superior gene significance (r = 0.42, p = 0.01). Figure 4I presents 
the outcomes of a correlation examination between module membership and gene significance within the darkgreen 
module (r = 0.34). Hence, the darkgreen module was regarded as the key module for further analysis.

Functional Enrichment Analysis of Kidney Stone Disease
To assess if this dataset accurately represents the pathogenesis of KSD, we performed functional enrichment analysis 
utilizing the overlap between darkgreen module genes obtained from WGCNA and DEGs generated from Limma 
analysis of kidney stone dataset (GSE73680). Figure 5A shows the total number of shared genes that were found 
(1793). KEGG analysis showed that these genes were predominantly concentrated in the “Metabolic pathways” and 
“Antigen processing and presentation” (Figure 5B). GO investigation demonstrated that CGs were chiefly clustered in 

Figure 2 Data preprocessing. Box plot, principal component analyses and expression density plot were performed to remove batch correction of GSE95095, GSE36807 and 
GSE6731. (A–C) before batch correction and (D–F) after batch correction.
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biological process (BP) terms, encompassing “chronic inflammatory response”, “endocrine process” and “regulation of 
chronic inflammatory response” (Figure 5C). Concerning the cellular component (CC) ontology, the CGs were primarily 
situated in the “cell body membrane”, “Golgi lumen” and “transporter complex” (Figure 5D). Molecular function (MF) 
assessment revealed that “transmembrane signaling receptor activity” was the most crucial item (Figure 5E). The 
enrichment study demonstrated that the immune and inflammatory responses were closely associated with KSD and 
dependable for subsequent CD examination.

Enrichment Analysis of CD with KSD and using the Network of Protein-Protein 
Interactions to Identify Node Genes
In order to investigate whether KSD-associated crucial genes could be connected to the pathogenesis of CD, 36 genes 
were found from the intersection of genes obtained from three CD datasets via Limma analysis and KSD module genes, 
as shown by the Venn diagram (Figure 6A). The KEGG analysis was executed utilizing these genes and the findings 
revealed that 36 genes were most often involved in pathways encompassing “Neuroactive ligand-receptor interaction” 
and “cAMP signaling pathway”, as Figure 6B illustrates, were all intimately linked to the immune system. GO analysis 
discovered that these genes were associated with the “epithelium development”, “regulation of signaling receptor 
activity” (BP); “extracellular region” and “extracellular space” (CC); and “signaling receptor binding”, “receptor ligand 
activity” and “receptor regulator activity” (MF) (Figure 6C–E). Subsequently, we established an interactome network to 
pinpoint potential interacting HGs. The PPI network is depicted in Figure 6F, indicating potential interactions between 14 
genes. These fourteen genes were sorted according to node numbers in Figure 6G.

Machine Learning-Based Candidate HG Screening
Potential genes for nomogram development and diagnostic assessment were identified using LASSO regression and RF 
machine learning approaches. Figure 7A and B illustrated that the LASSO regression method pinpointed six prospective 
candidate markers, while Figure 7C and D demonstrated how the RF algorithm ranked genes based on their calculated 
significance (Figure 7C and D). Finally, the six potential candidate genes for LASSO were intersected with the top six 

Figure 3 DEGs identified between CD and control groups from the integrated CD dataset. (A) Red and green in the volcano plot show the DEGs with significantly higher 
and lower gene expression level, respectively. (B) The heatmap displays the top upregulated and downregulated 20 genes in the CD and control groups. 
Abbreviations: DEGs, differentially expressed genes; CD, Crohn’s disease.
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most significant genes from RF algorithm and we obtained five HGs (PYY, FOXA2, REG3A, REG1A and REG1B) by 
intersecting the two machine learning results (Figure 7E).

Construction of a Nomogram and Diagnostic Value Assessment
To corroborate the the findings of our aforementioned bioinformatics investigation, we initially assessed the expression 
profiles of the five HGs in the combined CD dataset as well as KSD dataset GSE73680. The box plots illustrated that 
PYY, FOXA2, REG3A, REG1A, and REG1B exhibited notably elevated expression levels in individuals with CD or 
KSD relative to healthy subjects (Figure 8A and B). Next, we constructed the nomogram with five HGs (Figure 8C). As 
depicted in Figure 8C, the nomogram with five HGs was constructed. The ROC curves for the diagnostic model 
including PYY, FOXA2, REG3A, REG1A and REG1B were plotted, with AUCs of 0.958 and 0.862 respectively in 
the two cohorts (Figure 8D and E). Next, the diagnostic value of this model was confirmed using two external data set. In 
the GSE75214 validation set of CD, the AUC of this model was 0.972 (Figure 8F). Although the KSD gene set is limited 
and lack of the gene information of REG1B in the GSE36446 validation set of KSD, the diagnostic model of the 

Figure 4 Identification of DEGs via Limma and module genes via weighted gene co-expression network analysis in KSD. (A) Volcano plot of DEGs in GSE73680. (B) Heatmap of 
DEGs in GSE73680. (C and D) Scale Independence and mean connectivity in GSE73680. (E) Cluster dendrogram of genes. (F) Gene co-expression modules represented by 
different colors under the gene tree. (G) Heatmap of eigengene adjacency. (H) Heatmap of the association between modules and KSD. (I) Correlation of module membership and 
gene significance in the darkgreen module. 
Abbreviations: Limma, linear models for microarray data; DEGs, differentially expressed genes; KSD, Kidney stone disease.
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remaining four genes still had an AUC value of 0.944, showing excellent performance (Figure 8G). These results 
demonstrated a good predictive value for the diagnosis of CD with KSD. Additionally, we performed cell experiments to 
establish cell models for the study of CD and KSD. The qRT-PCR findings validated that the expression levels of PYY, 
REG3A, REG1A and REG1B were markedly elevated, while FOXA2 was decreased in Caco-2 cell model treated with 
LPS compared with the control samples (Figure 8H). HK-2 cells were treated with 2 mm CaOx to explore the expression 
of five HGs in CaOx stones and the results revealed a higher level of all five genes in the CaOx group relative to the 
control group (Figure 8I).

The Regulatory Network Analysis
Moreover, a co-expression network of mRNA and miRNA comprising 5 hGs, 109 nodes and 110 edges was visualized 
utilizing Cytoscape (Figure 9A). Among the miRNAs, miR-571, miR-1275, miR-4775, and miR-765 were the common 

Figure 5 KEGG, GO analysis of the intersection of genes for KSD. (A) Venn diagram for overlapped genes between genes obtained from Limma analysis and WGCNA in KSD. 
(B) KEGG analysis of the overlapped genes. (C–E) Molecular function, cellular component, and biological process are all included in the GO analysis. GO terms are represented 
by the y-axis, while the gene ratio involved in related GO terms is represented by the x-axis. Gene numbers are represented by the size of the circles, and p-value is indicated by 
their color. 
Abbreviations: KSD, Kidney stone disease; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; WGCNA, weighted gene co-expression network 
analysis; Limma, linear models for microarray data.
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miRNAs targeting two of the HGs. As depicted in Figure 9B, the regulatory network predicted TFs related to five HGs. 
The degree values of FOXC1, NR3C1, and GATA2 were equal to 3. Hence, they might be crucial regulators in the 
development of CD with KSD.

Single-Cell Dataset Analysis of HGs
The cellular distribution of PYY, FOXA2, REG3A, REG1A and REG1B, as well as the associated cell populations, was 
validated utilizing single-cell information from GSE214695. We obtained 11 cell groups by dimensionality reduction 
analysis, and the genes with elevated expression for each cluster were visualized on a heat map (Figure 10A–C). 10 kinds of 
cells, including T cells, coloncytes, plasma cells, macrophages, fibroblasts, B cells, goblet cells, mast cells, epithelial cells 
and glial cells were obtained by annotation (Figure 10D). Obviously, the infiltration levels of immune cells encompassing 
B cells, macrophages, and T cells were relatively high in CD patients (Figure 10E and F). Finally, the expression levels of 
PYY, FOXA2, REG3A, REG1A and REG1B in the different types of cells are shown in Figure 10G and H. The findings 

Figure 6 Enrichment analysis of genes related to CD and KSD and the discovery of node genes from PPI network. (A) Venn diagram shows that 36 common genes are 
identified from the intersection of genes in CD via Limma method and KSD with WGCNA. (B) KEGG analysis of the overlapped genes. (C–E) GO analysis (biological 
process, cellular component, and molecular function) of 36 genes. (F) 14 genes interact with each another, according to the PPI network. (G) The column displays the gene 
nodes of 14 genes in PPI network. 
Abbreviations: CD, Crohn’s disease; KSD, Kidney stone disease; Limma, linear models for microarray data; WGCNA, weighted gene co-expression network analysis; 
KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology; PPI, protein-protein interaction.
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indicated that FOXA2, REG3A, REG1A, and REG1B exhibited elevated expression in goblet cells, while PYY was highly 
expressed in coloncytes.

Discussion
The formation of kidney stones is one of the main urological complications of CD, which might complicate existing 
disorder.29 Inflammatory condition and metabolic abnormalities in CD may contribute to the development of kidney 
stones.11 Although KSD usually occur many years after CD has been diagnosed, the symptoms of KSD may precede or 
overshadow gastrointestinal symptoms, and the possibility of underlying CD needs to be considered.30,31 However, 
comparatively few studies combined these two diseases and there are no specific markers for CD with KSD. Early 
identification and intervention of CD and KSD have important clinical significance and may improve the prognosis of the 
disease. Consequently, this research offers a comprehensive examination of CD and KSD employing bioinformatics 
techniques and machine learning algorithms.

Figure 7 Machine learning in screening candidate HGs for CD with KSD. (A and B) The Lasso model for biomarker screening. The most appropriate number of genes (n = 6) 
for the diagnosis of CD with KSD is the one that corresponds to a minimum in the curve the curve. (C) Random Forest approach for selecting genes. (D) 14 genes are ordered 
by the importance score through the random forest algorithm. (E) Venn diagram demonstrates that the results of two aforementioned methods have an overlap in genes. 
Abbreviations: CD, Crohn’s disease; KSD, Kidney stone disease.
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Firstly, this investigation employed the LIMMA approach to pinpoint KSD-related key genes based on GSE73680 
dataset and found 5584 DEGs through differential analysis. WGCNA is increasingly being employed to elucidate the 
association patterns between genes across microarray specimens and have been successfully applied in biology.19 The co- 
expression network was established using WGCNA, and clusters exhibiting strong correlation with KSD were detected, 
and the darkgreen module was selected as the key module. Following obtaining the intersection of DEGs and genes in 
darkgreen module, the function and pathway enrichment analysis was performed and found metabolic pathways and 
chronic inflammatory response were enriched, consisting with the pathogenesis of KSD. Next, three microarray data sets 
from CD were merged and normalized for LIMMA analysis. After the intersection of the DEGs obtained by LIMMA 
analysis in CD and the darkgreen module genes in KSD, a set of 36 genes emerged, which were mainly enriched in the 
pathways of neuroactive ligand-receptor interaction and cAMP signaling. More importantly, we discovered five common 
HGs of CD and KSD on the basis of machine learning, including PYY, FOXA2, REG3A, REG1A and REG1B. In order 
to assess the value of the diagnostic model, we also built a nomogram as well as ROC curves. We then tested the model 

Figure 8 The nomogram construction and diagnostic value validation. (A) The expression of the HGs in the combined CD dataset. (B) The expression of the HGs in the 
KSD dataset (GSE73680). (C) The nomogram was constructed based on the five genes. (D) The ROC curves of the model in the integrated CD dataset. (E) The ROC 
curves of the model in the KSD dataset (GSE73680). (F and G) ROC curve analysis of the model in the CD (GSE75214) and KSD (GSE36446) validation set. AUC, area 
under the curve. (H) RT-qPCR results of 5 key genes in Caco-2 cell samples. (I) qRT-PCR results of 5 key genes in HK-2 cell samples. *p< 0.05, **p < 0.01, ****p < 0.0001. 
Abbreviations: CD, Crohn’s disease; KSD, Kidney stone disease; ROC, receiver operating characteristic.
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using two external datasets, which further confirmed its diagnostic value. In cell models of CD and KSD, these five genes 
also exert significant expression.

Peptide YY (PYY) is a 36 amino acid hormone and widely distributed in the digestive tract, involved in the regulation 
of energy homeostasis and metabolism.32 According to research findings, patients with impaired kidney function had 
elevated PYY levels, which raises the possibility of a regulatory role in KSD.33,34 FOXA2 is a member of human 
forkhead box (FOX) gene family.35 The lineage-specifying transcription factor FOXA2 has been shown to be related with 
the development of congenital anomalies of the kidneys and urinary tract as well as bladder cancer.36,37 Oxidative stress, 
mitochondrial dysfunction and cell death play pivotal roles in the pathogenesis of kidney stone formation.38 Recent 
findings have shed light onto the possible role of FOXA2 in the mediation of oxidative stress and apoptosis in renal 
tubular cells.39 REG3A, REG1A and REG1B are three members from the regenerating gene (REG) family, highly 
expressed in inflamed mucosa during IBD-related inflammation.40 Accumulating evidence has clarified the potential roles 
of the REG genes in the development of IBD and gastrointestinal cancer, which display multifunctional biological 
activities, such as antiapoptotic, anti-inflammatory, antimicrobial effects.41,42 However, the pathophysiological signifi
cance of the REGs in KSD is still elusive and remains to be explored.

MiRNAs are a large group of small non-protein coding RNAs that modulate gene expression and maintain general 
homeostasis via interacting with a wide range of target genes involved in various biological processes.43 Studies have 
shown that alteration in miRNA expression may affect the progression of numerous disorders.44–46 The increased level of 
microRNA 31 (MIR31) was found in colon tissues from patients with CD compared with controls, resulting in the 
reduction of the inflammatory response in colon epithelium of mice by suppressing expression of cytokine related 
genes.47 In a rat model of hyperoxaluria, eight downregulated miRNAs and twenty upregulated miRNAs were observed 
to be differentially expressed in the renal tissues, and these miRNAs were predicted to serve important roles in insulin 
and mitogen-activated protein kinase (MAPK) signaling pathways as indicated by the pathway analysis.48 Various digital 
tools and algorithms have been engineered to forecast miRNA binding locations on messenger RNAs.49–51 In the present 
study, we developed the miRNA-mRNA regulatory network and found 4 crucial nodes of the network (miR-571, miR- 
1275, miR-4775, miR-765). Transcription factors (TFs) could specifically bind to the DNA sequences of a variety of 
genes and control the transcription of genes.52 TF-mRNA network was built and it is found that FOXC1, NR3C1, and 
GATA2 are closely related to the HGs. Nevertheless, research on these miRNAs and TFs in CD and KSD that we have 
identified is limited and it still needs to be further investigated.

Figure 9 Prediction of potential miRNAs and TF-mRNA network of 5 hGs. (A) An Interaction network of five HGs and potential miRNAs-targeted where red diamonds 
represent genes, the blue rectangles represent predicted miRNAs. (B) Diagram of TF-mRNA regulatory network where the blue ellipses represent TF, the yellow ellipses 
represent genes. 
Abbreviation: TF, transcription factor.

Journal of Inflammation Research 2025:18                                                                                          https://doi.org/10.2147/JIR.S502513                                                                                                                                                                                                                                                                                                                                                                                                   4973

Zhu et al

Powered by TCPDF (www.tcpdf.org)



Finally, a single-cell sequencing data set from CD samples was retrieved in order to perform single cell annotation 
analysis. The single-cell RNA sequencing technologies have made pivotal advancements in single cell research, such as 
the physiological heterogeneity or lineage information in individual cells, which paves the way to new understandings in 
cellular processes and molecular mechanisms.53 Our results indicated that the five HGs were expressed to varying 
degrees in the ten distinct types of annotated cells. The HGs were substantially expressed in goblet cells except PYY. In 
the gut, goblet cells have various functions, including mucus and mucin secretion, influencing the immune system, and 
interactions with intestinal microbiota, which is closely related to CD etiology.54 This study offers a reliable direction for 
the in-depth investigation of the goblet cells not merely focused on various intestinal epithelial cells and may be helpful 
in understanding the mechanism of CD and KSD.

In an effort to elucidate the molecular mechanisms underlying CD and KSD, our work discovers and identifies 
common DEGs and HGs for the first time, as well as examines viable regulatory factors. Nevertheless, it is important to 
recognize a few limitations. First, the available microarray data are limited, especially data from KSD samples, and may 

Figure 10 Single-cell transcriptome analysis depicting the cellular distribution and cell type mapping of HGs in the CD single-cell sequencing dataset (GSE214695). (A) 
Dendrogram of single-cell clustering. (B) UMAP downscaling plot showing 10 cell clusters obtained from single-cell sequencing analysis (resolution=0.1). (C) Heatmap of 
marker gene expression. (D) UMAP plots colored according to the major cell types. (E) Bar graph of the number and proportion of different cell types in the samples. (F) 
Split-plane presentation of the UMAP plots of the CD samples versus the control samples. (G) Coordinate mapping plot of core genes in different cells. (H) Expression violin 
plot of core genes in different cells. 
Abbreviations: CD, Crohn’s disease; UMAP, uniform manifold approximation and projection.
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not fully represent patients with KSD. Furthermore, little is known about the precise molecular mechanisms in which 
TFs, miRNAs, and HGs influence these illnesses. In order to verify our results and investigate possible processes, more 
experiments in vitro or in vivo are required.

Conclusion
Based on bioinformatics analysis and machine learning, we pinpointed five HGs (PYY, FOXA2, REG3A, REG1A, and 
REG1B). The miRNA-mRNA and TF-mRNA networks were also established and the results revealed central miRNAs 
and TFs. Subsequent single-cell sequencing analyse provide deeper insight at the cellular level. The screened genes and 
regulatory molecules in this work may have the potential to serve as diagnostic and therapeutic targets for CD and KSD 
and facilitate the exploration of molecular mechanisms in the future.
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