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Background: The molecular mechanism of diabetic nephropathy (DN) is still not fully understood. There is ample evidence that the 
immune system plays a crucial role in the progression of DN. Further exploration of immune-related genes (IRGs) for DN diagnosis is 
therefore of significant clinical value.
Methods: Gene expression data from DN patients were obtained from the GEO database, and a weighted gene co-expression network 
analysis (WGCNA) was constructed. The overlapping IRGs derived by the least absolute shrinkage and selection operator (LASSO) 
and recursive feature elimination (RF) algorithms were identified as DN diagnostic biomarkers. A nomogram model was established to 
evaluate the diagnostic ability of feature biomarkers. The expression levels of the screened IRGs were validated in vitro using qRT- 
PCR. Type 2 diabetes mellitus (T2DM) mouse model with DN was also established to confirm the consistency with bioinformatic 
predictions.
Results: Three IRG-related DN characteristic diagnostic biomarkers (CCL9, EDN1 and HSPA1L) were identified. After verifying the 
DN diagnostic capability with nomogram model, pathway enrichment analysis, immunoinfiltration characteristics and correlation 
analysis were used to comprehensively analyze the potential effects of selected IRGs on DN. The differential expressions of screened 
IRGs were further confirmed by cell line and T2DM mouse model.
Conclusion: Our findings nominate CCL9, EDN1, and HSPA1L as key mediators of DN progression and unveil their potential as 
diagnostic biomarkers. Although prospective validation in human cohorts is a prerequisite for clinical translation, these IRGs represent 
a compelling foundation for a precision medicine tool. This tool could transform patient management by facilitating pre-symptomatic 
diagnosis and informing tailored interventions to halt DN development.
Keywords: diabetic nephropathy, immune related genes, diagnostic biomarker, immune infiltration, machine learning

Introduction
The global prevalence of type 1 diabetes mellitus (T1DM) and type 2 diabetes mellitus (T2DM) has increased rapidly in the 
past few decades.1,2 Diabetic nephropathy (DN) is the most common complication of type 1 and type 2 diabetes, affecting 
about one-third of all diabetics.3 Generally, about 50% of DN cases progresses to end-stage renal disease (ESRD).3,4 

Epidemiological studies have shown that improved diabetes education strategies and management have significantly reduced 
the incidence of certain diabetes-related events in recent decades. However, these strategies have had a negligible effect on the 
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incidence of ESRD.5 The main known causes of DN include glucose metabolism disorder, oxidative stress and renal 
hemodynamic changes.6,7 The specific molecular mechanisms remain unclear, and effective treatments are still lacking. 
A deeper understanding of the underlying pathogenesis of DN is urgently needed in clinical work to identify better therapies 
for DN patients.8,9

Inflammation is associated with the pathogenesis of diabetes, and elevated serum inflammatory biomarkers could be observed 
in patients with DM.10 Previous study has revealed the central role of innate and adaptive immune-mediated inflammation in 
DN.11–13 In patients with diabetes, biological processes including oxidative stress, oxidized lipids and reactive oxygen species 
(ROS) caused by high blood glucose and lipid levels damage kidney cells, leading to the release of damage-related molecular 
patterns (DMAPs) that ultimately trigger pro-inflammatory signaling pathways.14 The activation of the complement system in 
DN and its triggering of pathogenic pro-inflammatory signaling has also been better understood.15 Multiple immune cell types 
contribute to DN pathogenesis. For instance, persistent hyperglycemia, immune complex deposition in glomeruli, and increased 
chemokine production promote the recruitment and activation of macrophages in the kidney, leading to inflammation and 
fibrosis.16 Regulatory T cells (Tregs) have been shown to improve insulin resistance and attenuate DN progression in mice by 
exerting anti-inflammatory effects and suppressing CD8+ T cell infiltration in renal and adipose tissues.17,18 Meanwhile, as 
important effectors of the immune system, a variety of cytokines, adhesion molecules and chemokines are also involved in the 
process of DN.19 There is ample evidence that the immune system plays a crucial role in the progression of DN.20–22 Therefore, 
multiple clinical and preclinical therapies targeting the immune system for DN are currently underway.23

Despite these advances, the specific immune-related genes (IRGs) that drive DN progression and their potential as 
diagnostic biomarkers remain poorly characterized.24,25 Most previous studies have focused on individual immune compo
nents rather than providing a comprehensive analysis of the immune-related transcriptional landscape in DN.26,27 

Furthermore, there is a lack of integrated approaches that combine bioinformatic identification of candidate IRGs with 
experimental validation in disease models.28,29 To address these knowledge gaps, this study aimed to: (1) identify novel IRG- 
based diagnostic biomarkers for DN through integrated bioinformatics analysis of human DN datasets; (2) explore the immune 
infiltration characteristics associated with these biomarkers; (3) validate the expression patterns of these candidate biomarkers 
in in vivo model of DN. Our study provides a comprehensive analysis of the immune-related molecular features in DN and 
identifies three potential IRG biomarkers with diagnostic value. Pathway enrichment analysis and immune infiltration analysis 
were used to explore the mechanism of the prognostic model. Validation using a T2DM mouse model supported the robustness 
of our bioinformatic findings. These findings not only enhance our understanding of the immunopathogenesis of DN but also 
offer new insights for developing more targeted diagnostic strategies and immunomodulatory therapies.

Materials and Methods
Data Collection and Differential Expression Genes (DEGs) Analysis
The transcriptome datasets GSE30122 and GSE96804 were downloaded from the Gene Expression Omnibus (GEO) 
database (https://www.ncbi.nlm.nih.gov/gds/). To reduce potential batch effects between datasets, the “SVA” R package 
was applied. Raw expression data were subsequently normalized using the “normalizeBetweenArrays” function from the 
limma R package to ensure comparability across samples. Gene symbol annotation for each dataset was performed 
according to the corresponding microarray platform using custom Perl scripts. Differential expression analysis between 
healthy control (HC) and diabetic nephropathy (DN) groups was conducted using the limma package, with significance 
thresholds set at adjusted p-value < 0.05 and fold change > 1.

Collection of Immune-Related Genes (IRGs)
The IRGs were collected from the IMMPORT database (https://www.immport.org/). A total of 2483 IRGs were collected for the 
next analysis (Supplementary Box 1). R package “limma” was used to extract the expression of IRGs from the GEO dataset.

Weighted Gene Co-Expression Network Analysis
Weighted gene co-expression network analysis (WGCNA) was performed using the “WGCNA” R package to identify 
modules of highly correlated genes. Initially, all samples were included to construct the network and detect potential 
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outlier samples based on hierarchical clustering; any identified outliers were excluded from subsequent analysis. Next, 
the soft-thresholding power (β) was determined to achieve a scale-free topology, with a criterion of R² > 0.85. The 
adjacency matrix was then transformed into a topological overlap matrix (TOM) to measure gene connectivity. Gene 
modules were identified using the dynamic tree cut method, and similar modules were merged based on module 
eigengene correlation. Finally, correlation analysis was performed to evaluate the relationships between clinical traits 
and module eigengenes for HC and DN groups. Modules showing significant correlations with clinical features were 
considered for further analysis.

Machine Learning to Select Feature Diagnostic Biomarkers
We used multiple machine learning algorithms to identify the feature diagnostic biomarkers for DN. Firstly, the 
overlapping genes of WGCNA, DEGs and IRGs were defined as key differential expressed IRGs (DE-IRGs). The least 
absolute shrinkage and selection operator (LASSO) method was used to select the characteristic DE-IRGs via 
R package “glmnet”. A recursive feature elimination (RF) algorithm was adopted to calculate the importance of DE- 
IRGs via R package “randomForest”. In this study, an importance value > 2 was considered indicative of a feature 
diagnostic biomarker. Finally, the intersection genes of LASSO and RF algorithms was identified as diagnostic 
biomarkers for DN.

Functional Enrichment Analysis and Gene Set Enrichment Analysis (GSEA)
Differentially expressed immune-related genes (DE-IRGs) were subjected to functional enrichment analysis using the 
“clusterProfiler” R package. Gene Ontology (GO) enrichment analysis was performed to identify significantly overrepre
sented biological processes (BP), cellular components (CC), and molecular functions (MF). Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathway analysis was conducted to explore potential signaling pathways associated with DE-IRGs. In 
addition, Gene Set Enrichment Analysis (GSEA) was applied to compare the enrichment of KEGG pathways between HC and 
DN groups according to the “c2.cp.kegg.v7.4.symbols”. Pathways with a q-value (adjusted p-value) < 0.05 were considered 
statistically significant.

Diagnostic Ability Evaluation and Nomogram Construction
Based on the expression levels of the identified feature diagnostic biomarkers, a nomogram model was constructed to 
assess their diagnostic performance using the “rms” R package. The nomogram score for each sample was calculated 
using the following formula: HSPA1L x −6.13 + CCL19 x 0.171 + EDN1 x 2.766. The predictive accuracy of the 
nomogram model was evaluated by generating receiver operating characteristic (ROC) curves, and the area under the 
curve (AUC) was calculated to quantify the diagnostic power of each feature biomarker and the combined model.

Cell Culture
Human glomerular mesangial cells (HGMCs) were purchased from the American Type Culture Collection (ATCC) and 
maintained in RPMI-1640 medium with either normal glucose (NG, 5.5 mM D-glucose) or high glucose (HG, 25 mM 
D-glucose), supplemented with 10% fetal bovine serum. The cells were incubated at 37°C in an atmosphere of 5% CO2 
and 95% air.

RNA Isolation and Quantitative Real-Time PCR (qRT-PCR)
The Total RNA was extracted from HGMCs using TRIzol regent (Invitrogen), and the PrimeScript RT reagent kit 
(Takara) was used to reverse transcribed to cDNA according to the manufacturer’s protocol. Quantitative real-time PCR 
was performed with SYBR Ex Taq (TaKaRa). The 2−ΔΔCq method was performed to determine the relative quantifica
tion of gene expression. All target genes examined were normalized against GAPDH.

Analysis of Immune Infiltration Landscape
The relative proportions of 22 immune cell types were estimated using the “CIBERSORT” algorithm via the 
“CIBERSORT” R package. Analyses were performed according to the CIBERSORT R script v1.03, employing the 
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LM22 gene signature matrix to deconvolute the transcriptome data for each sample. The algorithm was run with 
100 permutations to increase robustness of the results, and only samples with CIBERSORT p-value < 0.05 were included 
in downstream analyses. To assess the relationships between identified feature diagnostic biomarkers and immune cell 
infiltration, Spearman’s rank correlation analysis was performed in R, with adjust.p-value < 0.05 considered statistically 
significant.

Reagents
Antibodies for HSPA1L (ab154409), CCL19 (ab192871) and β-actin (ab8226) were purchased from Abcam. Antibody 
for EDN1 (12,191-1-AP) was purchased form Proteintech. A high-fat diet (HFD, 45% kcal from fat) and a high-sugar 
high-fat feed (12451M) was purchased from Boaigang Biotechnology Co., Ltd.

Type 2 Diabetes Mellitus Mouse Model Establishment
Male C57BL/6J mice (7–8 weeks old, SPF-grade) were housed under controlled conditions (temperature: 21–26°C, 
humidity: 40–70%, 12 h light/dark cycle) with free access to water. After 1 week of acclimatization, mice were randomly 
divided into control (Con) and model (DN) groups. The DN group was fed a high-fat diet (HFD) for 6 weeks to induce 
insulin resistance. Subsequently, a single intraperitoneal injection of streptozotocin (STZ) (100 mg/kg) was administered. 
After the injection, the mice continued to be fed the HFD until sample collection. Control mice received standard chow 
and equivalent citrate buffer injections. Fasting blood glucose (FBG) levels were measured weekly via tail vein blood 
sampling using a glucometer. Mice with FBG ≥11.2 mmol/L for three consecutive measurements were defined as 
successful T2DM models. At 7 weeks post-modeling, mice were euthanized under anesthesia. Bilateral kidneys were 
excised and weighed. The left kidney was longitudinally bisected: one half was fixed in 4% paraformaldehyde (PFA) for 
histopathology, and the other half was homogenized in RIPA lysis buffer for protein quantification.

Western Blot Analysis
Total protein was extracted from tissues using RIPA lysis buffer containing protease inhibitors. Protein concentrations 
were quantified via BCA assay. Equal amounts of protein were separated by 10% SDS-PAGE and transferred onto PVDF 
membranes. Membranes were blocked with 5% non-fat milk in TBST for 1 h at room temperature, followed by 
incubation with primary antibodies overnight at 4°C. The following antibodies were used: HSPA1L (1:1000), CCL19 
(1:1000), EDN1 (1:1000), and β-actin (1:5000) as a loading control. After washing with TBST, membranes were 
incubated with HRP-conjugated secondary antibodies (1:5000) for 1 h at room temperature. Protein bands were 
visualized using ECL Prime Western Blotting Detection Reagent and quantified by ImageJ software.

Statistical Analysis
R software (version 3.6.0) and Perl scripts were used to deal with the raw data. GraphPad Prism (version 8.0.1) was used 
to visualize the boxplot of mRNA expression using the student’s t test. In addition, the statistics of the two groups were 
carried out using the Wilcoxon rank-sum test method if the data not conform to a normal distribution. A multiple testing 
correction method, controlling the false discovery rate (FDR), was applied to adjust the p-values, ensuring the exclusion 
of false positive and statistical significance was set at adjust. P-value < 0.05.

Results
Identification of DEGs and WGCNA Analysis
A total of 96 samples (46 HC samples and 50 DN samples) were collected from the GEO database. The raw data of each 
sample were normalized prior to differential expression analysis. We identified 353 down- and 209 up-regulated DEGs 
for further analysis (Figure 1A). We constructed a WGCNA co-expression network to select the key module genes for 
DN. The free-scale network was established with the soft power (β= 7, scale-free R2 > 0.85) and the module eigengenes 
were clustered with the height set at 0.25 (Figure 1B and C). Correlation analysis revealed no significant associations 
between the gene modules (Figure 1D). The cluster dendrogram result revealed that 12 modules were calculated, and the 
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genes of each module were divided (Figure 1E). The correlation of clinical features and different modules was further 
calculated, and the result suggested that module purple was negatively correlated with HC (r = −0.55, p = 6e-09), but 
positively correlated with DN (r = 0.55, p = 6e-09); module blue was positively correlated with HC (r = 0.55, p = 5e-09), 
but negatively correlated with DN (r = −0.55, p = 5e-09) (Figure 1F). The module membership versus gene significance 
plot showed that the purple and blue modules were highly linked with DN and were selected for the next analysis 
(Figure 1G and H).

Generation of the Pivotal DE-IRGs and Functional Enrichment Analysis
Utilizing the WGCNA and differential expression analysis, we obtained 50 pivotal DE-IRGs for the subsequent analysis 
(Figure 2A). The PPI network showed the potential interaction of the 50 pivotal DE-IRGs (Figure 2B). To further 

Figure 1 Differential expression gene analysis and WGCNA model development. (A) Identification of DEGs between HC and DN groups. Genes upregulated are shown in 
red, and genes downregulated are shown in blue. (B) Analysis of the scale-free network and mean connectivity for various soft-thresholding powers. (C) The clustering of 
module eigengenes. The clustering tree height was set to 0.25. (D) Correlation analysis of each module eigengene. Positive correlations are shown in red, and negative 
correlations are shown in blue. (E) Clustering dendrogram of different modules. (F) Heatmap shows the relationships of module-trait. Positive correlations are shown in 
red, and negative correlations are shown in blue. (G and H) The module membership vs gene significance in the blue and purple modules.

Journal of Inflammation Research 2025:18                                                                                          https://doi.org/10.2147/JIR.S541886                                                                                                                                                                                                                                                                                                                                                                                                 13715

Zhou et al

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



understand the potential molecular function of pivotal DE-IRGs in DN, GO and KEGG analysis were adopted. GO 
analysis results suggested the pivotal DE-IRGs were greatly enriched in cell chemotaxis, leukocyte chemotaxis, receptor 
ligand activity, and cytokine activity, which are closely related to immune related function (Figure 3A and B). KEGG 
analysis illustrated that cytokine-cytokine receptor interaction, viral protein interaction with cytokine and cytokine 
receptor, and chemokine signaling pathway were observably enriched of the DE-IRGs (Figure 2C and D).

Identification of IRG Related Feature Diagnostic Biomarkers via Machine Learning
To identify the IRG related feature diagnostic biomarkers for DN, LASSO and RF algorithms were utilized. Under 
LASSO regression analysis, the model showed the optimal coefficients and minimum lambda, and 15 DE-IRGs were 
selected as IRG related feature diagnostic biomarkers (Figure 3A). According to the RF algorithm, 5 DE-IRGs were 
identified as IRG related feature diagnostic biomarkers for DN (Figure 3B and C). Based on LASSO and RF algorithms, 
3 overlapping DE-IRGs were considered as IRG related feature diagnostic biomarkers for DN, including CCL9, EDN1, 
and HSPA1L (Figure 3D).

Analysis of Diagnostic Ability for IRG Related Feature Diagnostic Biomarkers
Based on the expression of CCL9, EDN1 and HSPA1L, a nomogram model was established to evaluate the diagnostic 
ability IRG related feature biomarkers for DN (Figure 4A). The AUCs of the ROC curves for CCL9, EDN1 and HSPA1L 

Figure 2 Generation of pivotal DE-IRGs and functional enrichment analysis. (A) Generation of pivotal DE-IRGs based on the WGCNA and differential expression analysis. 
(B) PPI inaction analysis. (C) GO enrichment analysis of the pivotal DE-IRGs (D) KEGG enrichment analysis of the pivotal DE-IRGs.
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were 0.739, 0.831 and 0.913, respectively. Of note, the AUC of ROC curve for nomogram model was 0.939, which was 
higher than CCL9, EDN1 and HSPA1L, illustrating a satisfactory diagnostic power for DN (Figure 4B). The expression 
results showed that the DN samples had higher expression levels of EDN1, but lower expression levels of CCL9 and 
HSPA1L (Figure 4C–E).

Immune Infiltration Characterization and GSEA Evaluation
As a comprehensive disease, DN involves a range of immune responses. GSEA analysis revealed that asthma, intestinal 
immune network for IgA production, primary immunodeficiency, systemic lupus erythematosus and toxoplasmosis were 
significantly enriched in DN group, whereas fatty acid elongation, glycosylphosphatidylinositol (GPI)-anchor biosynth
esis, glyoxylate and dicarboxylate metabolism, histidine metabolism, and tryptophan metabolism were enriched in HC 
group (Figure 5A and B). In the subsequent analysis, we further evaluate the immune infiltration landscape of the HC and 
DN groups. With the calculation of 22 type immune cells via CIBERSORT algorithm, the relative percent of 22 immune 
cells for each sample was obtained (Figure 5C). The quantitative data suggested that the fraction of B cells naïve, T cells 

Figure 3 Identification of IRG related feature diagnostic biomarkers for DN. (A) LASSO model shows the optimal coefficients and lambda for DE-IRGs. (B and C) The RF 
algorithm shows the importance of DE-IRGs. (D) Venn diagram shows the intersection of diagnostic biomarkers selected by LASSO and RF algorithms.
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CD4 memory resting, NK cells resting, monocytes, dendritic cells resting, mast cells activated, and neutrophils was 
greatly higher in the HC group, but the fraction of B cells memory, plasma cells, T cells regulatory (Tregs), NK cells 
activated, macrophages M2, and mast cells resting was higher in DN patients (Figure 5D).

Correlation Analysis of IRG Related Feature Diagnostic Biomarkers and Immune 
Infiltration Characterization
The relationship between IRG related feature diagnostic biomarkers and immune infiltration characterization was 
investigated in the subsequent analysis. As shown in Figure 6A, CCL19 was positively correlated with dendritic cells 
activated, T cells CD4 memory activated, B cells memory, mast cells resting, T cells gamma delta, dendritic cells resting 
and macrophages M2, but negatively related to neutrophils, NK cells resting, mast cells activated, monocytes, T cells 
CD4 memory resting and macrophages M0. EDN1 was positively related to dendritic cells activated, B cells memory, 
dendritic cells resting, T cells gamma delta, mast cells resting and macrophages M2, whereas negatively related to 
neutrophils, NK cells resting, T cells CD4 memory resting and B cells naive (Figure 6B). HSPA1L was positively 
correlated with B cells naïve, monocytes, T cells CD4 memory resting, mast cells activated, NK cells resting and 

Figure 4 Evaluation of diagnostic value of IRGs biomarkers for DN. (A) Nomogram construction of IRG related feature diagnostic biomarkers in DN. The red dashed line 
represents the connection between the scores of each variable and the total score, while the red solid line represents the connection between the total score and the 
predicted prognosis probability. (B) The ROC curve shows the diagnostic efficacy of IRG related feature diagnostic biomarkers and nomogram model for DN. (C–E) The 
expression of the IRG-related feature diagnostic biomarkers in the HC and DN groups. *P<0.05; ***P<0.001.
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neutrophils, but negatively related with macrophages M2, mast cells resting, dendritic cells resting, B cells memory, 
plasma cells and T cells gamma delta (Figure 6C). These results reveal that the IRG related feature diagnostic biomarkers 
are closely associated with immune infiltration characterization for DN.

In vitro Validation of IRG Related Feature Diagnostic Biomarkers
The expression of the IRG related feature diagnostic biomarkers (CCL9, EDN1 and HSPA1L) was further validated in the 
cell line model. The expression profiler of CCL19 and EDN1 in the CON group was greatly higher than DN group, whereas 
the expression profiler of HSPA1L in DN group was significantly higher than CON group (Figure 7A–C). Based on the 
expression of CCL19, EDN1 and HSPA1L, we developed a nomogram to evaluate the diagnostic ability for DN, and the 
AUC of nomogram model was 1.000, showing an optimal diagnostic ability of nomogram for DN (Figure 7D and E).

Validation of Bioinformatics Findings in a T2DM Mouse Model of Diabetic 
Nephropathy
To validate the results of our bioinformatics analysis, a T2DM mouse model was established. Compared with the control 
(Con) group, the DN group showed no significant increase in body weight but exhibited markedly elevated blood glucose 
levels (Figure 8A and B). Moreover, both left and right kidney weights were significantly lower in the DN group 
compared to the Con group (Figure 8C and D). Hematoxylin and eosin (HE) staining revealed normal renal structure in 
the Con group, whereas the DN group displayed glomerular hypertrophy, mesangial expansion, thickening of the 

Figure 5 Immune infiltration landscape and GSEA analysis. (A and B) GSEA analysis of the DEGs between the HC and DN groups. (C) The bar plot shows the fraction of 
22 immune cells obtained by CIBERSORT algorithm. (D) Violin plot shows the proportion of 22 immune cells in the HC and DN groups.
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glomerular basement membrane (GBM), shrunken Bowman’s space, and interstitial inflammatory cell infiltration 
(Figure 8E). Masson’s trichrome staining further demonstrated prominent fibrotic changes in the kidneys of DN mice, 
including the accumulation of blue-stained fibers within the glomeruli and the presence of cord-like fibrosis (Figure 8F). 
Western blot analysis of kidney tissues showed that the expression levels of CCL19 and EDN1 were significantly 
upregulated in the DN group, while HSPA1L expression was markedly downregulated, consistent with the bioinformatics 
predictions (Figure 8G–J).

Discussion
In this study, we identified three IRGs potentially involved in the diagnosis of DN and explored their underlying 
mechanisms through immune cell infiltration profiling and functional enrichment analyses.

In our study, three diagnostic biomarkers including CCL9, EDN1 and HSPA1L were screened. CCL9, a chemokine 
belonging to the NC6 subfamily of CC-chemokines in mice, has been implicated in early-stage chronic kidney disease 
(CKD) due to its role in modulating immune cell recruitment.30 In CKD, pro-inflammatory mediators and white blood 
cells can promote organ damage.31 CCL9 expression is upregulated in the early stages of CKD.32 In addition, further 
mechanisms suggest that upregulated CCL9, by binding to ligands, can alleviate the accumulation of renal macrophages 
and monocytes and counteract renal inflammation and fibrosis.33 The macrophages at the site of diabetic kidney injury 
are mainly M1 phenotype.34 Proinflammatory M1 macrophages cause persistent kidney inflammation and damage.35 We 

Figure 6 The association of IRG related feature diagnostic biomarkers and immune infiltration characterization. Correlation analysis of (A) CCL9, (B) EDN1 and (C) 
HSPA1L and 22 types of immune cells. Red indicates that the difference is statistically significant.
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observed a low level of CCL9 expression in DN. Although there is no relevant report of CCL9 in DN, the accumulation 
of macrophages in the kidney caused by lack of CCL9 may be one of the pathogenic causes of DN.

Genetic polymorphisms in EDN1 are strongly associated with DN and are considered key contributors to the fibrotic 
processes underlying DN progression.36,37 The EDN1 gene encodes the ET-1 protein and can cause persistent 
vasoconstriction.38 Circulating EDN1 was increased in diabetic patients and in mouse models of DN.39,40 EDN1 and its 
receptor mediate glomerular endothelial mitochondrial dysfunction through pathological crosstalk between activated podo
cytes and glomerular endothelial cells.41 Mitochondrial dysfunction of glomerular endothelial cells is one of the basic 
characteristics of diabetic nephropathy susceptibility.40 This provides a possible explanation for EDN1’s function in DN.

We observed a high expression level of HSPA1L in DN. Members of the heat shock protein 70 (HSP70) family, to which 
HSPA1L belongs, are generally known to promote DN progression by inducing Th17/Treg imbalance and activating downstream 
inflammatory pathways.42–44 However, the specific function and transcriptional regulation of HSPA1L itself remain incompletely 

Figure 7 In vitro validation of IRGs related diagnostic biomarkers and nomogram model development. (A-C) qRT-PCR analysis of CCL9, EDN1 and HSPA1L in CON and 
DN cell line group. (D and E) Nomogram model development and diagnostic ability evaluation. The red dashed line represents the connection between the scores of each 
variable and the total score, while the red solid line represents the connection between the total score and the predicted prognosis probability. ***P<0.001; ****P<0.0001.
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understood,45,46 although recent evidence has highlighted its involvement in DN-related stress responses.47 Contrary to the 
general pro-disease role of other HSP70 members, most studies suggest that the upregulation of HSPA1L in DN may represent 
a compensatory, protective response aimed at enhancing mitophagy and maintaining mitochondrial function.48 For instance, in 
proximal tubular cells, HSPA1L forms a complex with other components that mitigates inflammasome activation and confers 
cellular protection. It is noteworthy that the extracellular release of HSPA1L has been identified as a critical step contributing to 
organelle dysfunction in DN.49 T Furthermore, evidence has shown that crotonylation-mediated regulation of HSPA1L can 
mitigate hypertensive nephropathy and alleviate oxidative stress by enhancing mitophagy.50 Given the well-established protective 
role of mitophagy in DN development,51–53 the specific protective mechanisms mediated by HSPA1L warrant further 
investigation.

Figure 8 Validation of key protein expression in a T2DM mouse model. (A) Body weight of mice in the control and DN groups (n=5). (B) Fasting blood glucose levels in 
control and DN mice (n=5). (C and D) Kidney weight of the left (C) and right (D) kidneys in control and DN mice (n = 5). Compared to controls, DN mice exhibited 
significantly lower kidney weights. (E) Representative hematoxylin and eosin (HE) staining images of kidney tissues from each group (n=5). DN mice showed glomerular 
hypertrophy, mesangial expansion, thickened glomerular basement membrane (GBM), narrowed Bowman’s capsule space, and inflammatory cell infiltration in the renal 
interstitium. (F) Representative Masson’s trichrome staining of kidney tissues (n=5). Increased deposition of collagen fibers within glomeruli and interstitial areas was 
observed in DN mice, indicating marked renal fibrosis. (G–J) Western blot analysis of key proteins in kidney tissues (n=3). Compared to the control group, the DN group 
showed significant upregulation of CCL19 and EDN1 expression and downregulation of HSPA1L, consistent with bioinformatics predictions. **P<0.01.
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Although M2 macrophages were found to be elevated in the DN immune microenvironment, their role in DN pathogenesis 
remains controversial. It has been reported that the transformation of macrophages to the M2 phenotype can protect the kidneys 
and ameliorate DN symptoms.54 However, it has also been reported that the anti-inflammatory M2 macrophages can accelerate 
the development of CKD by promoting the process of renal fibrosis.55,56 Reprogramming macrophages toward an M1-like 
phenotype has been reported to attenuate DN progression in certain contexts.57 In addition, correlation analysis with immune cell 
components showed that low expression of CCL9 and EDN1 in DN patients was significantly positively correlated with M2 
macrophages, while high expression of HSPA1L in DN was negatively correlated with M2 macrophages. These findings imply 
that reduced M2 macrophage levels may be associated with DN and could have diagnostic relevance, although further 
investigation is warranted. In fact, the ratio of M2 to M1 macrophages changes dynamically with the pathological progression 
of DN.58 In the future, it may be necessary to conduct a more accurate analysis of the polarization level of macrophages at various 
stages in the development of DN, so as to better explore the diagnostic value and therapeutic significance of macrophages.

This study has several limitations that should be acknowledged. First, although the differential expression of HSPA1L in DN 
was identified through bioinformatic analysis and preliminarily verified in vivo, its precise functional role and molecular 
mechanisms remain unexplored. The lack of mechanistic experiments limits a deeper understanding of its biological significance 
in DN. Second, during the model evaluation process, no cross-validation or independent external test set was used to assess the 
robustness and generalizability of the diagnostic biomarkers, which may affect the reliability of the model in real clinical 
applications. Furthermore, all analyses were based on transcriptomic data from public databases. The absence of validation in 
independent clinical cohorts or real-world samples hinders confirmation of the diagnostic utility of these biomarkers in practical 
settings. Finally, immune infiltration analysis relied entirely on computational algorithms without experimental validation, such 
as flow cytometry, to directly quantify immune cell proportions, which weakens the reliability and interpretability of the immune 
landscape. Future studies should incorporate multi-center clinical validations with larger sample sizes and combine functional 
experiments to further elucidate the mechanistic roles of these candidate genes in the pathogenesis of DN.

Conclusions
We systematically explored the impact of IRGs on DN using integrated bioinformatics and in vivo experimental 
approaches, and identified several candidate IRGs that may serve as potential diagnostic biomarkers or therapeutic targets. 
These findings contribute to a deeper understanding of the immunogenomic landscape underlying DN pathogenesis.
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