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ABSTRACT
Anti-neutrophil cytoplasmic antibody (ANCA)-associated vasculitis (AAV) is a systemic autoimmune 
disease often leading to rapidly progressive glomerulonephritis. Oxidative stress plays a critical role 
in the development and progression of ANCA-associated glomerulonephritis (AAGN), but the 
underlying mechanisms remain poorly understood. Targeting genes related to oxidative stress may 
provide novel insights and supplementary therapeutic benefits for AAGN. In the current study, we 
obtained differentially expressed genes from AAGN-related microarray datasets in the Gene 
Expression Omnibus database, and oxidative stress-related genes (OSRGs) from the GeneCards and 
Gene Ontology databases to identify differentially expressed OSRGs. Then, by integrating weighted 
gene co-expression network analysis, and machine learning algorithms, we identified four 
upregulated hub OSRGs (all p < 0.01) with strong diagnostic potential (all AUC > 0.9)-CD44, ITGB2, 
MICB, and RAC2 – in the AAGN glomerular training dataset GSE104948 and validation dataset 
GSE108109, along with two hub OSRGs (all p < 0.05) with better diagnostic potential (all AUC > 
0.7) – upregulated gene VCAM1 and downregulated gene VEGFA-in the AAGN tubulointerstitial 
training dataset GSE104954 and validation dataset GSE108112. The GSEA analysis suggested that 
these hub genes may play a role in inflammatory and immune response processes. Moreover, we 
constructed regulatory networks and identified drugs that potentially target these hub genes. It’s 
to be noted that RAC2 and ITGB2 were associated with cyclophosphamide in the AAGN glomerular 
compartment, while VCAM1 and VEGFA were associated with dexamethasone in the tubulointerstitial 
compartment. This study offers novel insights into immune-associated OSRGs within the glomerular 
and tubulointerstitial compartments of AAGN which may serve as innovative targets for diagnosing 
and treating AAGN.

1.  Introduction

Anti-neutrophil cytoplasmic antibody (ANCA)-associated vas-
culitis (AAV) is a systemic autoimmune disease characterized 
by vascular wall inflammation, fibrinoid necrosis, and the 
destruction of small to medium-sized blood vessels, accom-
panied by circulating ANCA. The clinical symptoms of AAV 
are complex, primarily presenting as systemic symptoms and 
damage to various organ systems. Patients usually have pul-
monary hemorrhage and acute kidney injury [1,2]. Renal 
impairment resulting from AAV is referred to as ANCA- 
associated glomerulonephritis (AAGN). AAGN is a form of 
oligimmune necrotizing crescent glomerulonephritis, primar-
ily characterized by hematuria, proteinuria, and renal impair-
ment, which can lead to rapid deterioration of renal function 

and respiratory failure even death [2,3]. The mechanism 
underlying ANCA-induced vasculitis primarily involves the 
mediation of the overactivation of neutrophils, leading to 
the release of inflammatory cytokines, reactive oxygen spe-
cies, and lytic enzymes. However, the molecular mechanisms 
underlying the pathogenesis of AAV remain poorly under-
stood [4,5]. Current studies indicate that immune infiltration 
and oxidative stress play critical roles in the onset and pro-
gression of AAGN [6,7]. In the kidney, ANCA activates neu-
trophils through recognition and binding to antigens present 
on their surface, subsequently inducing respiratory burst 
and degranulation, then neutrophils release reactive oxygen 
species and various proteases along glomerular endothelial 
cells, resulting in direct damage to vascular endothelial 
cells [8–10].
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In recent years, high-throughput sequencing technology 
has boosted bioinformatics in identifying core genes related 
to disease onset and progression, providing a basis for diag-
nosis, treatment, and new drug development [11]. The Gene 
Expression Omnibus (GEO) database, as a comprehensive 
repository, contains an extensive collection of bioinformatics 
datasets essential for disease-related research. Among the 
diverse analytical methodologies in bioinformatics, weighted 
gene co-expression network analysis (WGCNA) and machine 
learning algorithms have emerged as powerful tools for elu-
cidating complex biological networks and patterns. To our 
knowledge, few studies have utilized bioinformatics analysis 
to characterize the oxidative stress in renal glomerular and 
tubulointerstitial tissue of AAV. In this research, we employed 
integrated machine learning and bioinformatics approaches 
to identify hub genes that exhibit differential expression of 
immune-associated oxidative stress genes within the glomer-
ular and tubulointerstitial compartments in AAGN, potentially 
enhancing our understanding of the mechanisms underlying 
AAV, providing new insights into molecular targeted thera-
pies and prognostic predictions. The workflow for this study 
is illustrated in Figure 1.

2.  Materials and methods

2.1.  Sources of data

The gene expression microarray datasets associated with 
AAGN were retrieved from the GEO database (http://www.
ncbi.nlm.nih.gov/geo/), a publicly accessible functional genom-
ics data repository containing microarray dataset, single-cell 
datasets, and bulk RNA-seq datasets [12]. The following key-
words were used to query the GEO database: AAV or ANCA or 
glomerulonephritis, with the Homo sapiens filter applied. Each 
dataset was manually curated to select renal biopsy samples 
from Homo sapiens. The inclusion criteria for this study were: 
(1) human renal biopsy tissue studies; (2) expression data for 
both experimental and control groups; and (3) inclusion of 
patients diagnosed with AAV. The exclusion criteria included: 
(1) dual-channel microarray studies; (2) studies without a con-
trol group; and (3) samples from cell lines or animal models. 
Finally, we selected four AAGN datasets: GSE104948 and 
GSE108109, which contained samples from the glomerular 
compartment, and GSE104954 and GSE108112, which included 
samples from the tubulointerstitial compartment. The datasets 
of GSE104948 and GSE104954 are based on the GPL22945 

Figure 1.  The workflow for this study. DEGs: differentially expressed genes. DEOSGs: differentially expressed oxidative stress genes; DEIOSGs: differentially 
expressed immune-related oxidative stress genes; GO: Gene ontology; GEO: Gene expression Omnibus; GSEA: Gene set enrichment analysis; KEGG: Kyoto 
Encyclopedia of genes and Genomes; PPI: protein-protein interaction; ROC: receiver operating characteristic.

http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
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platform, using the GeneChip Human Genome U133 Plus 2.0 
array (Affymetrix; Thermo Fisher Scientific, Inc., Waltham, MA), 
while GSE108109 and GSE108112 are based on the GPL19983 
platform using the GeneChip Human Gene 2.1 ST Array 
(Affymetrix; Thermo Fisher Scientific, Inc., Waltham, MA). In this 
study, the GSE104948 and GSE104954 datasets were used as 
training sets, while the GSE108109 and GSE108112 datasets 
served as external validation sets. We obtained 40 samples 
from the GSE104948 dataset, including 18 healthy controls 
and 22 patients with AAV. From the dataset of GSE104954, we 
acquired 39 samples consisting of 18 healthy controls and 21 
patients with AAV. The GSE108109 dataset included 6 healthy 
controls and 15 patients with AAV, and the GSE108112 dataset 
contained 5 healthy controls and 57 patients with AAV.

2.2.  Identification of DEGs and oxidative stress-related 
genes

The downloaded gene probes were converted into gene 
symbols. Probes without corresponding symbols or those 
linked to multiple genes were removed. Using the ‘limma’ 
package (version 3.60.6) in R (version 4.4.1), each expression 
matrix was normalized individually, and differentially 
expressed genes (DEGs) were then identified within each 
dataset. The DEGs between AAGN samples and normal sam-
ples in the GSE104948 and GSE104954 datasets were identi-
fied based on criteria of an adjusted p-value < 0.05 and 
|log2(fold change) | > 0.585. Additionally, heatmaps and vol-
cano plots of the DEGs were generated using the pheatmap 
(version 1.0.12) and ggplot2 (version 3.5.1) R packages.

We queried ‘oxidative stress’ in the Gene Ontology (GO) 
database (http://geneontology.org/) using ‘Homo sapiens’ as 
the filter, which yielded a total of 458 oxidative stress-related 
genes (OSRGs). Concurrently, we retrieved OSRG from the 
GeneCards database (https://www.genecards.org/), applying a 
correlation score threshold greater than 7 as our selection 
criterion, which identified 1,225 OSRGs. Subsequently, after 
removing duplicates, we identified a total of 1,434 OSRGs for 
further analysis. The intersection of OSRGs selected from the 
database and DEGs from the GSE104948 dataset was consid-
ered to represent glomerular differentially expressed oxida-
tive stress genes (DEOSGs) in AAGN. Similarly, the intersection 
with DEGs from the GSE104954 dataset was regarded as 
indicative of DEOSGs in tubulointerstitial compartments of 
AAGN. We utilized the VennDiagram (version 1.7.3) R package 
to visualize a Venn diagram illustrating relationships between 
the OSRGs and DEGs.

2.3.  Immune infiltration analysis and weighted gene 
co‑expression network analysis

Cell-type identification by estimating relative subsets of RNA 
transcripts (CIBERSORT) uses a deconvolution algorithm to 
estimate the composition and abundance of immune cells in 
cell mixtures based on transcriptomic data [13]. In this study, 
CIBERSORT was used to assess the proportions of 22 immune 
cell types in normal and AAGN samples from GSE104948 and 

GSE104954. WGCNA was performed using the R package 
‘WGCNA’ (version 1.73) to identify modules most relevant to 
immune cells in AAGN patients [14]. Initially, hierarchical clus-
tering was conducted on research samples to detect and 
remove outliers. Subsequently, a correlation matrix was con-
structed with the WGCNA software package; an optimal soft 
threshold was applied to convert it into an adjacency matrix, 
followed by the creation of a topological overlap matrix 
(TOM). Based on TOM phase anisotropy measures, genes 
exhibiting similar expression patterns were classified into 
gene modules through average linkage hierarchical cluster-
ing. WGCNA then calculated correlations between these 
modules and differentially infiltrated immune cells. Modules 
with high correlation coefficients were identified as candi-
date modules related to differentially infiltrated immune cells 
for further analysis. In this study, we identified key modules 
with correlation coefficients between gene modules and 
immune cells exceeding 0.7 in absolute value for further 
investigation. The intersection of DEOSGs with genes in key 
modules was analyzed using the ‘VennDiagram’ R package, 
defining them as differentially expressed immune-related oxi-
dative stress genes (DEIOSGs) for further study.

2.4.  Functional enrichment analysis

Based on the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) and GO databases, we used the ‘ClusterProfiler’ pack-
age in R (version 4.12.6) to perform GO and KEGG enrich-
ment analyses on the intersecting genes [15,16]. The GO 
database categorizes gene functions into three categories: 
cellular component (CC), molecular function (MF), and bio-
logical process (BP). Additionally, KEGG enrichment analysis 
helps identify key signaling pathways related to gene enrich-
ment. p value < 0.05 suggests that the corresponding gene 
set is significantly enriched.

2.5.  Construction of protein-protein interaction network

The Search Tools for the Retrieval of Interacting Genes 
(STRING) (https://cn.string-db.org/) database was used to 
construct a protein-protein interaction (PPI) network. This PPI 
network was subsequently visualized using Cytoscape soft-
ware (version 3.10.2). Subsequently, the maximal clique cen-
trality (MCC) algorithm was used through the cytoHubba 
plug-in in Cytoscape to assess differential genes. The top 10 
genes identified by this algorithm were then intersected with 
the top 20 genes selected by the random forest (RF) algo-
rithm to identify hub genes.

2.6.  Machine learning

The least absolute shrinkage and selection operator (LASSO) is 
a logistic regression technique that identifies significant vari-
ables and constructs an optimal classification model by apply-
ing the L1 penalty (lambda) to eliminate the coefficients of 
non-significant variables [17]. Support vector machine 

http://geneontology.org/
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recursive feature elimination (SVM-RFE) is a supervised learn-
ing methodology designed to identify core genes by system-
atically eliminating feature vectors generated by SVM [18]. The 
random forest (RF) algorithm is a decision tree-based machine 
learning approach that evaluates the importance of each vari-
able by scoring its contribution [19]. We applied these three 
machine learning algorithms to assess DEIOSGs from the 
GSE104948 and GSE104954 datasets. The genes identified by 
all three algorithms were then intersected and considered as 
hub genes.

2.7.  Expression and ROC curve analysis

The expression levels of hub genes in AAGN and normal 
samples were represented through box plots generated by 
the R package ‘ggplot2’ (version 3.5.1). The pROC package 
(version 1.18.5) in R was used to calculate the area under the 
curve (AUC) and its 95% confidence interval (CI) to evaluate 
the predictive value of each selected hub gene [20]. A hub 
gene with an AUC > 0.7 was considered significant for dis-
ease diagnosis. Independent external datasets (GSE108109 
and GSE108112) were used to validate candidate gene 
expression and diagnostic value. Genes that demonstrated 
consistent performance across datasets were designated as 
final hub genes. Additionally, the correlations among these 
hub genes were analyzed using the ‘corrplot’ package (ver-
sion 0.94).

2.8.  GSEA analysis

We conducted the single-gene Gene Set Enrichment 
Analysis (GSEA) to elucidate the role of hub genes. GSEA 
was used to identify altered pathways between the hub 
and biological process genomes in the GO database. It 
compared the expressed transcripts with corresponding 
entries and assessed the statistical enrichment levels of 
related gene sets [21].

2.9.  Regulatory networks and target drugs

Using NetworkAnalyst (https://www.networkanalyst.ca/), we 
accessed the JASPAR and TarBase databases to predict tran-
scription factors (TFs) and miRNAs for candidate genes, 
respectively [22]. The results were subsequently visualized 
using Cytoscape software. On the DGIdb website (https://
dgidb.org/), small molecule drugs were queried by gene 
name to obtain drug-gene interaction pairs, which were then 
visualized as networks using Cytoscape software [23].

3.  Results

3.1.  Identification of DEGs

Differential gene expression analysis of the glomerular data-
set GSE104948 was conducted using |log2FC| > 0.585 and 
adjusted p-value < 0.05 as criteria. A total of 1,085 DEGs 
were identified, including 464 down-regulated and 621 

up-regulated genes (Figure 2(A)). Similarly, differential gene 
expression analysis of the renal tubule dataset GSE104954 
yielded 791 DEGs, including 329 down-regulated and 462 
up-regulated genes (Figure 2(B)). The DEGs exhibited signifi-
cantly distinct expression patterns between AAGN and nor-
mal samples (Figure 2(C,D)).

3.2.  Identification of DEOSGs in AAGN

From the Genecard and GO databases, 1,434 OSRGs were 
identified. By intersecting 1,085 DEGs from the AAGN glo-
merular dataset GSE104948 with these OSRGs using R soft-
ware, we identified 163 DEOSGs based on their shared 
overlap (Figure 2(E)). In the AAGN tubulointerstitial dataset, 
791 DEGs were intersected with these OSRGs, resulting in 
133 DEOSGs associated with the tubulointerstitial compart-
ment after preliminary screening (Figure 2(F)).

3.3.  Immune infiltration analysis

We analyzed immune cell infiltration in AAGN and normal 
samples with the CIBERSORT algorithm. The results showed 
11 comparable immune cell types in glomerular samples of 
AAGN and normal controls, including naive B cells, memory 
B cells, resting CD4 memory T cells, gamma delta (γδ) T cells, 
resting NK cells, activated NK cells, monocytes, M0 macro-
phages, resting dendritic cells, activated dendritic cells, and 
neutrophils (Figure 3(A)). Additionally, seven comparable 
immune cell types in the tubulointerstitial compartment 
were found in AAGN and normal controls: regulatory T cells 
(Tregs) cells, γδT cells, activated NK cells, M1 macrophages, 
resting dendritic cells, activated dendritic cells, and mast cells 
(Figure 3(B)).

3.4.  Construction of weighted gene coexpression networks

In the WGCNA, all samples from the GSE104948 and 
GSE104954 datasets were incorporated into the dendrogram, 
ensuring no outliers were present (Figure 4(A,B)). In the 
AAGN glomerular dataset, a soft threshold power of 14 was 
determined (scale-free R2 = 0.85) (Figure 4(C)), and subse-
quent WGCNA analysis revealed 14 distinct modules (Figure 
4(E)). The AAGN tubulointerstitial dataset demonstrated a 
soft threshold power calibration of 26 (scale-free R2 = 0.85) 
(Figure 4(D)), resulting in four identified modules via WGCNA 
analysis (Figure 4(F)). Based on strict criteria (|Cor| > 0.7), 
hub gene modules were selected, with 2,771 genes from the 
cyan, turquoise, and red modules in the glomerular dataset 
being prioritized for further investigation. Likewise, the blue 
and turquoise modules in the tubulointerstitial dataset, com-
prising 1,789 genes, were also chosen for detailed investiga-
tion. In the glomerular dataset, the cyan module displayed a 
strong positive correlation with both plasma cell subsets 
(Cor = 0.93, p = 3e−18) and γδT cell subsets (Cor = 0.96, 
p = 9e−22). Meanwhile, the turquoise module showed a 
strong positive correlation with M0 macrophage subsets 
(Cor = 0.79, p = 2e-09), while the red module exhibited a 

https://www.networkanalyst.ca/
https://dgidb.org/
https://dgidb.org/
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Figure 2.  DEGs Analysis for GSE104948 and GSE104954 datasets. (A) 1085 DEGs are shown in the volcano plot of the GSE104948 dataset which contains 
464 upregulated genes in orange and 621 downregulated genes in blue. The grey points represent genes with no significant difference. (B) 791 DEGs are 
shown in the volcano plot of the GSE104954 dataset which contains 462 upregulated genes in orange and 329 downregulated genes in blue. The grey 
points represent genes with no significant difference. (C) The heatmap shows the top 50 most significant DEGs in the GSE104948 dataset. Red indicates a 
relatively high expression and blue indicates a relatively low expression. (D) The heatmap shows the top 50 most significant DEGs in the GSE104954 data-
set. Red indicates a relatively high expression and blue indicates a relatively low expression. (E) Venn diagrams of DEOSGs in the GSE104948 dataset.  
(F) Venn diagrams of DEOSGs in the GSE104954 dataset. DEGs were identified by the criteria of|log2fold change (FC)|>0.585 and adj. p. value <0.05. AAV: 
anti-neutrophil cytoplasmic antibody-associated vasculitis; DEGs: differentially expressed genes. DEOSGs: differentially expressed oxidative stress genes; LD: 
living donors.
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significant negative correlation with the M0 macrophage 
subset (Cor= −0.74, p = 5e-08) (Figure 4(G)). In the tubuloint-
erstitial dataset, the Tregs cell subset showed a strong posi-
tive correlation with the blue module (Cor= 0.74, p = 9e-08), 
whereas the turquoise module displayed a significant nega-
tive correlation (Cor=−0.77, p = 1e-08) (Figure 4(H)).

3.5.  Acquisition and functional enrichment analysis of 
DEIOSGs

By intersecting the 163 DEOSGs in the GSE104948 dataset with 
the 2,771 genes from the cyan, turquoise, and red modules, we 
identified 82 DEIOSGs associated with AAGN glomeruli (Figure 
5(A), Supplementary Table S1). By overlapping the 133 DEOSGs 

Figure 3. I mmune infiltration analysis. (A) 22 immune cells in samples with living donors and rapidly progressive glomerulonephritis in the GSE104948 
dataset. (B) 22 immune cells in samples with living donors and rapidly progressive glomerulonephritis in the GSE104954 dataset. AAV: anti-neutrophil 
cytoplasmic antibody-associated vasculitis; LD: living donors. The Wilcoxon rank sum was used to determine statistical significance level (α = 0.05). *p < 0.05, 
**p < 0.01, ***p < 0.001, ns: not significant.

https://doi.org/10.1080/0886022X.2025.2499905
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in the GSE104954 dataset with the 1,789 genes from the  
blue and turquoise modules, we identified 88 DEIOSGs specifi-
cally associated with the AAGN tubulointerstitial compartment 

(Figure 5(B), Supplementary Table S1). To explore the potential 
biological functions and signaling pathways of DEIOSGs associ-
ated with AAGN, we conducted GO and KEGG functional 

Figure 4.  Construction of weighted gene co-expression networks analysis. (A) Outlier sample detection of GSE104948 dataset. The gene sets from all 
samples are contained in the dendrogram. (B) Outlier sample detection of GSE104954 dataset. The gene sets from all samples are contained in the den-
drogram. (C) Soft threshold screening of GSE104948 dataset. (D) Soft threshold screening of GSE104954 dataset. (E) WGCNA modules of GSE104948 dataset. 
(F) WGCNA modules of GSE104954 dataset. (G) 14 modules of the GSE104948 dataset were revealed by the WGCNA. (H) 4 modules of the GSE104954 
dataset were revealed by the WGCNA. WGCNA: weighted gene co-expression network analysis.

https://doi.org/10.1080/0886022X.2025.2499905
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Figure 5. A cquisition and functional enrichment analysis of DEIOSGs. (A) Venn diagrams of DEIOSGs of GSE104948 dataset. (B) Venn diagrams of DEIOSGs 
of GSE104954 dataset. (C) GO enrichment analysis of the GSE104948 dataset. (D) KEGG pathway enrichment analysis of GSE104948 dataset. (E) GO enrich-
ment analysis of the GSE104954 dataset. (F) KEGG pathway enrichment analysis of GSE104954 dataset. DEGs: differentially expressed genes; DEIOSGs: dif-
ferentially expressed immune-related oxidative stress genes; GO: Gene ontology; GEO: Gene expression omnibus; KEGG: Kyoto encyclopedia of genes and 
genomes. OS: oxidative stress. WGCNA: Weighted gene Co-expression network analysis.
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enrichment analyses. Notably, DEIOSGs from the glomerular 
region were primarily enriched in processes related to oxidative 
stress and inflammation (Figure 5(C)). The DEIOSGs from the 
tubulointerstitial compartment showed significant enrichment 
in processes such as oxidative stress responses, reactions to 
external stimuli, and adaptations to varying oxygen levels 
(Figure 5(D)). According to KEGG analysis, DEIOSGs from the glo-
merular and tubulointerstitial compartments were significantly 
enriched in pathways such as the AGE-RAGE signaling pathway 
in diabetic complications, lipid metabolism, and atherosclerosis 
(Figures 5(E,F)). In summary, these findings highlight the key 
biological processes and signaling pathway dysregulations driv-
ing the progression of AAGN.

3.6.  Screening hub genes by machine learning and 
construction of PPI network

In the GSE104948 dataset, the LASSO regression algorithm 
identified 9 genes from the DEIOSGs (Figure 6(A), 
Supplementary Table S2). Subsequently, the SVM-RFE algo-
rithm pinpointed 22 genes (Figure 6(C), Supplementary Table 
S2), and the RF algorithm selected 20 genes (Figure 6(E), 
Supplementary Table S2). By overlapping the results of the 
three methods in a Venn diagram, two candidate genes, 
MICB and RAC2, were identified (Figure 6(G)). For the 
GSE104954 dataset, 5 genes were extracted via the LASSO 
regression algorithm (Figure 6(B), Supplementary Table S2), 3 
genes were identified through the SVM-RFE algorithm (Figure 
6(D), Supplementary Table S2), and 20 genes were selected 
with the RF algorithm (Figure 6(F), Supplementary Table S2). 
After overlapping these results in a Venn diagram, two can-
didate genes, MAPT and VEGFA, were obtained (Figure 6(H)).

The PPI networks of DEIOSGs from the glomerular and 
tubulointerstitial compartments were presented in Figure 
6(I,J), respectively. By intersecting the top ten genes from 
this algorithm with the twenty genes selected by the RF 
algorithm, two hub genes (CD44 and ITGB2) were identified 
in the glomerular dataset, and one candidate gene (VCAM1) 
was identified in the tubulointerstitial dataset (Figure 6(K,L)).

Finally, through the combination of PPI networks and 
machine learning algorithms, four candidate hub genes 
(CD44, ITGB2, MICB, and RAC2) were identified from the 
GSE104948 dataset, and three candidate hub genes (VCAM1, 
MAPT, and VEGFA) were identified from the GSE104954 
dataset.

3.7.  Expression of hub genes and the ROC curve analysis

We used boxplots to validate the expression levels of candi-
date hub genes. Compared to normal controls, the expres-
sions of CD44 (p = 6e-08), ITGB2 (p = 4.9e-09), MICB 
(p = 2.9e-14), and RAC2 (p = 5.1e-12) were significantly ele-
vated in AAGN glomerular tissue (Figure 7(A)). Subsequently, 
we validated the expression of these candidate hub genes 
using the external dataset GSE108109. The results demon-
strated that the expression levels of CD44 (p = 1.7e-05), ITGB2 
(p = 0.00011), MICB (p = 2.6e-05), and RAC2 (p = 0.002) were 

significantly upregulated in AAGN glomerular tissues (Figure 
7(C)). In the AAGN tubulointerstitial compartment, MAPT 
(p = 8.7e-11) and VEGFA (p = 5.5e-13) were notably downregu-
lated, while VCAM1 (p = 1.3e-10) was significantly upregulated 
(Figure 7(B)). Further validation in the external dataset 
GSE108112 revealed that VEGFA (p = 0.045) remained signifi-
cantly downregulated and VCAM1 (p = 0.032) was significantly 
upregulated, whereas MAPT (p = 0.12) did not exhibit signifi-
cant changes (Figure 7(D)). In summary, CD44, ITGB2, MICB, 
and RAC2 were identified as potential oxidative stress-related 
hub genes in AAGN glomeruli, while VEGFA and VCAM1 were 
identified as oxidative stress-related hub genes in the tubu-
lointerstitial compartment.

Subsequently, the diagnostic potential of the hub genes 
was further evaluated through ROC curve analysis. Hub 
genes with AUC > 0.7 are regarded as potential diagnostic 
markers. In the GSE104948 dataset, MICB showed the highest 
diagnostic potential with an AUC of 1.000 (95% CI: 1.000–
1.000). The other hub genes also demonstrated excellent per-
formance, with AUC values of 0.995 (95% CI: 0.983–1.000) for 
CD44, 0.992 (95% CI: 0.977–1.000) for ITGB2, and 0.987 (95% 
CI: 0.964–1.000) for RAC2 (Figure 7(E)). Within the tubuloint-
erstitial training set GSE104954, VEGFA achieved a perfect 
AUC value of 1.000 (95% CI: 1.000–1.000), and VCAM1 also 
displayed strong diagnostic performance with an AUC of 
0.979 (95% CI: 0.946–1.000) (Figure 7(F)). We further validated 
the diagnostic potential of these hub genes in external vali-
dation sets. All four hub genes (CD44, ITGB2, MICB, and 
RAC2) showed AUC values exceeding 0.9 (Figure 7(G)), indi-
cating excellent diagnostic performance in the glomerular 
validation set. Additionally, VEGFA and VCAM1 achieved AUC 
values exceeding 0.7 (Figure 7(H)), indicating their reliable 
diagnostic potential in the tubulointerstitial validation set.

To comprehensively validate the reliability of our screening 
results and their tissue-specific expression patterns, we per-
formed expression validation and diagnostic performance eval-
uation of the four oxidative stress-related hub genes (CD44, 
ITGB2, MICB, and RAC2) identified from the glomerular dataset 
using ANCA-associated vasculitis tubulointerstitial datasets 
(GSE104954 and GSE108112). The analysis revealed that these 
genes were significantly upregulated in tubulointerstitial tissues 
(all p-values < 0.05) (Supplementary Figure S1(A,B)). Specifically, 
in the GSE104954 dataset, CD44, ITGB2, MICB, and RAC2 exhib-
ited AUC values of 0.868 (95% CI: 0.744–0.991), 0.886 (95% CI: 
0.771–1.000), 0.876 (95% CI: 0.764–0.988), and 0.915 (95% CI: 
0.827–1.000), respectively. In the GSE108112 dataset, their AUC 
values were 0.804 (95% CI: 0.689–0.918), 0.779 (95% CI: 0.614–
0.944), 0.877 (95% CI: 0.752–1.000), and 0.758 (95% CI: 0.614–
0.902), demonstrating robust diagnostic performance 
(Supplementary Figure S1(E,F)). To further explore tissue-specific 
expression patterns, we validated the expression characteristics 
of the two oxidative stress-related hub genes (VCAM1 and 
VEGFA) identified from the tubulointerstitial dataset in 
ANCA-associated vasculitis glomerular tissues (GSE104948 and 
GSE108109). In the GSE104948 dataset, VCAM1 showed signifi-
cant upregulation (p = 0.00026) with an AUC of 0.814 (95% CI: 
0.673–0.956), while VEGFA was significantly downregulated 

https://doi.org/10.1080/0886022X.2025.2499905
https://doi.org/10.1080/0886022X.2025.2499905
https://doi.org/10.1080/0886022X.2025.2499905
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Figure 6.  Screening hub genes by machine learning PPI network. (A) LASSO regression algorithm of DEIOSGs in GSE104948 dataset. (B) LASSO regression 
algorithm of DEIOSGs in GSE104954 dataset. (C) SVM-RFE algorithm of DEIOSGs in GSE104948 dataset. (D) SVM-RFE algorithm of DEIOSGs in GSE104954 
dataset. (E) RF algorithm of DEIOSGs in GSE104948 dataset. (F) RF algorithm of DEIOSGs in GSE104954 dataset. (G) Venn diagrams for three algorithms in 
GSE104948. (H) Venn diagrams for three algorithms in the GSE104954 dataset. (I) The PPI network of DEIOSGs in the GSE104948 dataset. Interactions 
among 82 DEIOSGs were illustrated using the STRING online database (http://string-db.org). Network nodes represent proteins, and edges represent 
protein-protein associations. (J) The PPI network of DEIOSGs in the GSE104954 dataset. Interactions among 88 DEIOSGs were illustrated using the STRING 
online database (http://string-db.org). Network nodes represent proteins, and edges represent protein-protein associations. (K) The MCC algorithms in the 
cytoHubba plugin of the GSE104948 dataset. (L) The MCC algorithms in the cytoHubba plugin of the GSE104954 dataset. DEIOSGs: differentially expressed 
immune-related oxidative stress genes; LASSO: least absolute shrinkage and selection operator; MCC: maximal clique centrality; PPI: protein-protein inter-
action; RF: random Forest; SVM-RFE: support vector machine recursive feature elimination.

http://string-db.org
http://string-db.org
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(p = 0.002) with an AUC of 0.732 (95% CI: 0.573–0.891) 
(Supplementary Figure S1(C,G)). However, in the GSE108109 
dataset, neither VCAM1 (p = 0.58) nor VEGFA (p = 0.28) exhibited 
statistically significant differential expression, with AUC values of 
0.589 (95% CI: 0.331–0.847) and 0.589 (95% CI: 0.336–0.842), 
respectively (Supplementary Figure S1(D,H)).

These results suggest that the oxidative stress-related hub 
genes CD44, ITGB2, MICB, and RAC2 may play significant 
roles in both glomerular and tubulointerstitial tissues in 
ANCA-associated vasculitis, while VCAM1 and VEGFA exhibit 
distinct tubulointerstitial tissue specificity. This finding pro-
vides new insights into the oxidative stress mechanisms in 
different renal compartments in ANCA-associated vasculitis.

Furthermore, we examined the correlations among the 
hub genes. In the glomerular dataset, all four diagnostic 

genes displayed positive correlations, with the strongest 
correlation (r = 0.96, p < 0.001) between CD44 and ITGB2 
(Figure 8(A)). In the tubulointerstitial dataset, VEGFA and 
VCAM1 showed a significant negative correlation (r = −0.81, 
p < 0.001) (Figure 8(B)).

3.8.  Correlation analysis between hub genes and immune 
cells

Immune inflammation plays a central role in the development 
and progression of AAGN. To explore the involvement of these 
genes in immune infiltration, we performed Spearman correla-
tion analysis to assess their relationships. Correlation analysis 
involving 22 immune cells and hub genes revealed that M0 
macrophages and γδT cells exhibited significant positive 

Figure 7. E xpression of hub genes and ROC curve analysis. (A) Expression of candidate hub genes (CD44, ITGB2, MICB, and RAC2) in the GSE104948 data-
set. (B) Expression of candidate hub genes (MAPT, VCAM1, and VEGFA) in the GSE104954 dataset. (C) Expression of candidate hub genes (CD44, ITGB2, 
MICB, and RAC2) in the GSE108109 dataset. (D) Expression of candidate hub genes (MAPT, VCAM1, and VEGFA) in the GSE108112 dataset. (E) The ROC 
curve analysis of candidate hub genes (CD44, ITGB2, MICB, and RAC2) in the GSE104948 dataset. (F) The ROC curve analysis of candidate hub genes (MAPT, 
VCAM1, and VEGFA) in the GSE104954 dataset. (G) The ROC curve analysis of candidate hub genes (CD44, ITGB2, MICB, and RAC2) in the GSE108109 
dataset. (H) The ROC curve analysis of candidate hub genes (MAPT, VCAM1, and VEGFA) in the GSE108112 dataset. ANCA: anti-neutrophil cytoplasmic 
antibody; LD: living donors; ROC: receiver operating characteristic. The statistical significance level (α = 0.05) was determined using the t-test.

https://doi.org/10.1080/0886022X.2025.2499905
https://doi.org/10.1080/0886022X.2025.2499905
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correlations with CD44, ITGB2, MICB, and RAC2 in the glomer-
ular dataset (all p-values < 0.05) and three of the four hub 
genes were negatively associated with resting NK cells, T cells 
CD4 memory resting and T cells CD8 (Figure 9(A)). In the tub-
ulointerstitial dataset, VCAM1 exhibited the most prominent 
positive correlation with follicular helper T cells (p = 0.000516) 
and the most pronounced negative correlation with Tregs 
(p = 0.00217). VEGFA demonstrated the most notable positive 
correlation with resting dendritic cells (p = 0.000833) and the 
most marked negative correlation with neutrophils (p = 0.0186) 
(Figure 9(B)). These results further underscore the critical role 
of these immune cell types in AAGN progression.

3.9.  GSEA analysis of hub genes

To explore the potential functions of the hub genes, we per-
formed gene set enrichment analysis (GSEA) on individual 
genes. By comparing samples with high and low expression 
levels of the candidate genes, we aimed to elucidate their 
molecular functions and underlying biological pathways. The 
results revealed that genes in the high-expression cohort of 
CD44, ITGB2, MICB, and RAC2 within the glomerular compart-
ment dataset were significantly enriched in pathways associ-
ated with inflammation and immune response, such as 
myeloid leukocyte activation, neutrophil chemotaxis, and 

Figure 8.  Correlations between expression levels of various hub gene pairs. (A) Correlations between expression levels of various hub gene pairs in the 
GSE104948 dataset. (B) Correlations between expression levels of various hub gene pairs in the GSE104954 dataset. *p < 0.05, **p < 0.01, *** p < 0.001.

Figure 9.  Correlation of hub genes. (A) Correlation between CD44, ITGB2, MICB, and RAC2 with immune infiltrating cells. (B) Correlation between VCAM1 
and VEGFA with immune infiltrating cells.
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positive regulation of tumor necrosis factor superfamily cyto-
kine production (Figures 10(A–D)). This suggests that these 
hub genes may play a role in inflammatory and immune 
response processes. In the tubulointerstitial dataset, the 

high-expression cohorts of VCAM1 and VEGFA were similarly 
enriched in pathways related to inflammation and immunity, 
including adaptive immune response, B cell-mediated immu-
nity, and immunoglobulin-mediated immunity (Figures 10(E,F)).

Figure 10.  GSEA analysis of hub genes. (A–D) The function of CD44, ITGB2, MICB, and RAC2 using GSEA analysis. (E,F) The function of VCAM1 and VEGFA 
using GSEA analysis. GSEA: gene set enrichment analysis.



14 L. XIE ET AL.

3.10.  Regulatory network construction and potential drug 
prediction

To predict the transcriptional regulatory effects of transcrip-
tion factors (TFs) and miRNAs on hub genes, we constructed 
miRNA-hub gene and TF-hub gene regulatory networks using 
the NetworkAnalyst database and visualized them using 
Cytoscape software. In the glomerular dataset, CD44, ITGB2, 
MICB, and RAC2 interact with 5, 9, 6, and 7 transcription fac-
tors respectively; concurrently, these genes are associated 
with 251, 71, 132, and 62 miRNAs. In the tubulointerstitial 
dataset, VCAM1 and VEGFA interact with 9 and 10 transcrip-
tion factors, respectively, and are associated with 35 and 235 

miRNAs. Within the glomerular dataset, one TF (USF2) inter-
acts with three hub genes; additionally, twelve miRNAs (e.g., 
hsa-let-7c-5p, hsa-mir-20a-5p, hsa-mir-34a-5p) engage with 
four hub genes. In the tubulointerstitial dataset, one TF 
(NFYA) interacts with two hub genes alongside twenty-seven 
miRNAs (e.g., hsa-mir-15a-5p, hsa-mir-16-5p, hsa-mir-21-5p), 
which also regulate these two hub genes. These findings 
suggest that these miRNAs and transcription factors may 
have closer interactions with hub genes (Figure 11(A–D)).

To identify potentially effective drugs targeting hub genes, 
we obtained gene-chemical interaction networks from the 
Drug-Gene Interaction Database (DGIdb) and visualized them 
using Cytoscape software. In the glomerular dataset, the four 

Figure 11.  Regulatory networks and target drugs of hub genes. (A) The TF network of CD44, ITGB2, MICB, and RAC2. (B) The miRNA network of CD44, 
ITGB2, MICB, and RAC2. (C) The TF network of VCAM1 and VEGFA. (D) The miRNA network of VCAM1 and VEGFA. (E) Drug–key genes interaction network 
of CD44, ITGB2, MICB, and RAC2. (F) Drug–key genes interaction network of VCAM1 and VEGFA. TF: transcription factor.
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hub genes CD44, ITGB2, MICB, and RAC2 were found to inter-
sect with 19, 36, 3, and 4 drugs/chemicals respectively. 
Among the 62 drugs identified, cyclophosphamide was asso-
ciated with two hub genes (RAC2 and ITGB2) (Figure 11(E)). 
In the tubulointerstitial dataset, two hub genes VCAM1 and 
VEGFA were associated with 6 and 52 drugs/chemicals 
respectively; notably, dexamethasone intersected with both 
of these hub genes (Figure 11(F)).

4.  Discussion

In this study, we obtained glomerular and tubulointerstitial 
compartment datasets related to AAGN from the GEO data-
base. By intersecting genes strongly correlated with AAGN 
immune cell infiltration, as identified by WGCNA, we derived 
the differentially expressed immune oxidative stress-related 
genes (DEIOSGs). The glomerular DEIOSGs were primarily 
enriched in GO terms such as oxidative stress response, reg-
ulation of inflammatory response, and leukocyte migration. 
In contrast, the DEIOSGs in the tubulointerstitial compart-
ments were mainly associated with oxidative stress response, 
response to exogenous stimuli, and response to oxygen lev-
els. KEGG pathway analysis revealed significant enrichment of 
DEIOSGs in pathways related to lipid atherosclerosis and 
AGE-RAGE signaling pathways in diabetic complications 
within both glomerular and tubulointerstitial compartments. 
Our functional enrichment analysis revealed that DEIOSGs are 
predominantly involved in immunoinflammatory and oxida-
tive stress-related pathways. These results emphasize the 
importance of immunoinflammation and oxidative stress in 
AAGN, suggesting that therapeutic approaches focused on 
oxidative stress hold significant promise.

We identified four hub genes related to oxidative stress in 
AAGN glomeruli-CD44, ITGB2, MICB, and RAC2 – all of which 
were significantly upregulated. In the tubulointerstitial com-
partments, two oxidative stress-related hub genes, VCAM1 
and VEGFA, were identified. Notably, VCAM1 was significantly 
upregulated in AAV patients, while VEGFA was significantly 
downregulated. ROC curve analyses also produced significant 
results, with AUC values for CD44, ITGB2, MICB, and RAC2 
surpassing 0.9 and VCAM1 and VEGFA achieving AUC values 
greater than 0.7. These results suggest that these oxidative 
stress-related hub genes hold considerable diagnostic value 
as potential biomarkers for AAGN. The hub genes identified 
through this integrative approach may play a critical role in 
unraveling the pathogenesis of AAV-related kidney injury.

As a member of the Cell Adhesion Molecule (CAM) family, 
CD44 plays an important role in signal transduction and cell 
adhesion between cells and extracellular matrix and is 
involved in many physiological processes such as T lympho-
cyte activation, tissue remodeling, and cell migration [24]. 
Previous studies have demonstrated that CD44 expression is 
upregulated in activated monocyte-derived macrophages 
(AMDM). This upregulation enhances the copper uptake 
capacity of these cells, facilitates hydrogen peroxide activa-
tion to catalyze the NAD(H) redox cycle, and consequently 
plays a role in regulating inflammation and oxidative stress 

[25]. The loss of CD44 results in decreased activation and 
proliferation of glomerular parietal epithelial cells (PECs), sub-
sequently reducing both crescent formation and proteinuria 
[26,27]. MICB is part of the MHC locus on human chromo-
some 6, and MIC protein is regarded as a marker of ‘stress’ in 
epithelial cells. MICB is also an immune-activating ligand of 
the killer cell lectin-like receptor K1 (KLRK1)/NKG2D receptor 
and can be recognized as a stress-induced autoantigen by 
γδT cells [28–30]. Currently, no studies have elucidated the 
relationship between MICB and AAGN, but elevated levels of 
MICB expression are significantly correlated with impaired 
renal function, including a reduced glomerular filtration rate 
(GFR) and increased serum creatinine levels [31]. ITGB2, a 
member of the integrin family, is predominantly expressed in 
immune cells and is intricately associated with various 
immune functions, including leukocyte extravasation, com-
plement fragment binding, and intracellular killing of patho-
genic microorganisms. ITGB2 is also implicated in mediating 
responses to oxidative stress. Research by Zhang X et  al. 
demonstrated that oxidative stress promotes the proliferation 
of cancer-associated fibroblasts (CAFs) by impairing mito-
chondrial functions (such as NADH oxidation). Although the 
research primarily focused on CAFs within tumor microenvi-
ronments, ITGB2, as an integrin family member, may similarly 
regulate oxidative stress responses in immune cells, high-
lighting its potential broader functional significance [32,33]. 
RAC2, a member of the Rho subfamily of RAS-related guano-
sine triphosphatases, can transition from an inactive 
GDP-bound state to an active GTP-bound state upon recep-
tor stimulation. The GTP-bound form of RAC2 is crucial for 
activating the NADPH oxidase complex, which drives super-
oxide production and plays a pivotal role in oxidative stress 
responses [34,35]. However, current research on the relation-
ship between ITGB2, RAC2, and kidney disease remains inad-
equate. In our study, we observed that upregulated levels of 
ITGB2 and RAC2 exhibited superior diagnostic efficacy (AUC 
> 0.90). Although their molecular mechanisms are not yet 
fully elucidated, we propose this as the first identification of 
them as biomarkers for AAGN, and it’s necessary to further 
explore their roles in the mechanism.

VEGFA, a secreted protein, stimulates angiogenesis in 
hypoxic conditions and supports the survival of renal epithe-
lial cells. The PI3K/Akt pathway can increase VEGF transcrip-
tion, while decreased VEGFA levels may lead to reduced 
endothelial cell survival and impaired angiogenesis [36,37]. 
Previous research has reported low VEGFA expression in the 
renal tubulointerstitial compartment of diabetic nephropathy 
(DN) patients [38]. Similarly, our study also found downregu-
lated VEGFA expression in the tubulointerstitial compart-
ments of AAGN patients. VCAM1 is a protein expressed on 
vascular endothelial cells that plays a critical role in inflam-
mation and vascular disease. Previous studies have shown 
that in the necrotic areas of glomerular capillary loops related 
to ANCA-related crescentic nephritis [39,40], VCAM1 expres-
sion is significantly elevated, along with extensive inflamma-
tory cell infiltration. Seron et  al. examined VCAM1 expression 
in renal tissues from 50 patients with glomerular and 
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tubulointerstitial diseases. They found varying degrees of 
increased VCAM1 expression in renal tubular epithelial cells 
of patients with crescentic nephritis, vasculitis, lupus nephri-
tis, and IgA nephropathy. Notably, the increase was most 
pronounced in patients with vasculitis [41]. It is suggested 
that abnormal VCAM1 expression in these necrotic areas 
could serve as a potential marker for ANCA-associated necro-
tizing glomerulosclerosis.

In addition, we constructed gene regulatory networks and 
investigated potential molecular-targeting drugs for AAGN. TFs 
are crucial protein complexes that regulate gene transcription 
by recognizing specific DNA sequences. MiRNAs are small 
non-coding RNA molecules that inhibit translation by binding 
to one or more sites on mRNA transcripts or participate in 
post-transcriptional regulation through TF modulation, signifi-
cantly impacting various cellular and biological processes. Our 
analysis revealed distinct regulatory networks in glomerular 
and tubulointerstitial datasets. In the glomerular dataset, the 
transcription factor USF2 was found to interact with three hub 
genes, while a network of 12 miRNAs (including hsa-let-7c-5p, 
hsa-mir-20a-5p, and hsa-mir-34a-5p) demonstrated interactions 
with four hub genes. The tubulointerstitial dataset showed 
more extensive regulatory interactions, with transcription fac-
tor NFYA and 27 miRNAs (including hsa-mir-15a-5p, 
hsa-mir-16-5p, and hsa-mir-21-5p) co-regulating both VCAM1 
and VEGFA, suggesting their potential synergistic role in mod-
ulating these targets. Furthermore, our drug-target analysis 
identified specific therapeutic agents that interact with these 
hub genes: cyclophosphamide was predicted to target RAC2 
and ITGB2, whereas dexamethasone showed potential interac-
tions with VCAM1 and VEGFA.

Cyclophosphamide, a widely used alkylating chemothera-
peutic agent, exerts its immunosuppressive effects by inhibit-
ing the proliferation of immune cells, particularly T cells and B 
cells, making it a common treatment for autoimmune diseases 
and transplant rejection [42]. In vivo, cyclophosphamide is 
metabolized in the liver into its active forms, such as phos-
phoramide mustard. These metabolites form covalent 
cross-links with DNA, blocking DNA replication and transcrip-
tion, thereby suppressing the proliferation and activation of 
immune cells, such as T cells, B cells, and neutrophils [43]. This 
process may indirectly influence the activity of RAC2 and 
ITGB2. Additionally, cyclophosphamide may protect cells from 
oxidative stress through the Nrf2-mediated antioxidant path-
way [44], potentially modulating signaling pathways associated 
with RAC2 and ITGB2. Although the precise mechanisms by 
which cyclophosphamide affects RAC2 and ITGB2 remain 
unclear, we hypothesize that its immunomodulatory and oxi-
dative stress-related effects may regulate their functions. 
Further studies are needed to elucidate these interactions.

Dexamethasone, a potent glucocorticoid, exhibits diverse 
biological effects, including anti-inflammatory, immunosup-
pressive, and anti-angiogenic properties. Research has shown 
that dexamethasone markedly decreases VCAM1 expression, 
primarily by inhibiting NF-κB activation and suppressing the 
release of pro-inflammatory cytokines such as IL-6 and TNF-α 
[45]. These actions contribute to the direct and indirect 

downregulation of VCAM1, highlighting dexamethasone’s 
potent anti-inflammatory effects. Furthermore, dexametha-
sone directly inhibits VEGFA expression. By suppressing 
HIF-1α, a key regulator of VEGFA under hypoxic conditions, 
dexamethasone significantly lowers VEGFA levels [46], high-
lighting its broad therapeutic potential in modulating both 
inflammation and angiogenesis.

Our study provides novel insights into immune-associated 
oxidative stress genes in the glomerular and tubulointerstitial 
compartments of AAGN, but it is not without limitations. First, 
the evidence relies on publicly available data; while we con-
ducted expression validation using independent external data-
sets, additional prospective studies and further in vitro and in 
vivo experiments are necessary to confirm these results before 
the clinical application of the diagnostic markers can be con-
sidered. Second, the sample size of the sequencing dataset is 
relatively small, necessitating improvements in this area. Third, 
reliance on retrospective data from public repositories may 
introduce bias and limit the generalizability of our findings.

5.  Conclusion

In conclusion, this study significantly enhances our understand-
ing of oxidative stress in the glomerular and tubulointerstitial 
compartments of AAGN by employing comprehensive bioinfor-
matics strategies. We identified four oxidative stress-related hub 
genes (CD44, ITGB2, MICB, and RAC2) in the glomerular com-
partment and two (VCAM1 and VEGFA) in the tubulointerstitial 
compartment. These findings suggest that these hub genes 
may play critical roles in driving AAGN progression, potentially 
through immune and inflammatory mechanisms.
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