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Diabetes mellitus (DM) is a chronic metabolic disorder that poses significant challenges to public 
health. Among its various complications, diabetic nephropathy (DN) emerges as a critical microvascular 
complication associated with high mortality rates. Despite the development of diverse therapeutic 
strategies targeting metabolic improvement, hemodynamic regulation, and fibrosis mitigation, the 
precise mechanisms responsible for glomerular injury in DN are not yet fully elucidated. To explore 
these mechanisms, public DN datasets (GSE30528, GSE104948, and GSE96804) were obtained from 
the GEO database. We merged the GSE30528 and GSE104948 datasets to identify differentially 
expressed genes (DEGs) between DN and control groups using R software. Weighted gene co-
expression network analysis (WGCNA) was subsequently employed to discern genes associated with 
DN in key modules. We utilized Venny software to pinpoint co-expressed genes shared between 
DEGs and key module genes. These co-expressed genes underwent gene ontology (GO) and Kyoto 
encyclopedia of genes and genomes (KEGG) enrichment analyses. Through LASSO, SVM, and RF 
methods, we isolated five significant genes: FN1, C1orf21, CD36, CD48, and SRPX2. These genes were 
further validated using a logistic model and 10-fold cross-validation. The external dataset GSE96804 
served to validate the identified biomarkers, while receiver operating characteristic (ROC) curve 
analysis assessed their diagnostic efficacy for DN. Additionally, GSE104948 facilitated comparison of 
biomarker expression levels between DN and five other kidney diseases, highlighting their specificity 
for DN. These biomarkers also enabled the identification and validation of two molecular subtypes 
characterized by distinct immune profiles. The Nephroseq v5 database corroborated the correlation 
between biomarkers and clinical data. Furthermore, the GSigDB database was employed to predict 
protein-drug interactions, with molecular docking confirming the therapeutic potential of these 
drug targets. Finally, a diabetic mouse model (BKS-db) was constructed, and RT-qPCR experiments 
validated the reliability of the identified biomarkers. The study identified five biomarkers with robust 
diagnostic predictive power for DN. Subtype classification based on these biomarkers revealed 
distinct enrichment pathways and immune cell infiltration profiles, underscoring the close relationship 
between these genes and immune functions in DN. Drug prediction and molecular docking analyses 
demonstrated excellent binding affinities of candidate drugs to target proteins. Differential expression 
analysis between DN and five other kidney diseases indicated that all biomarkers, except C1orf21, 
were highly expressed in DN. Notably, as the mouse model lacks the C1orf21 gene, RT-qPCR confirmed 
the upregulated expression of FN1, CD36, CD48, and SRPX2. This study successfully identified five 
biomarkers with potential diagnostic and therapeutic value for DN. These biomarkers not only offer 
insights into the regulatory mechanisms underlying glomerular injury but also provide a theoretical 
foundation for the development of diagnostic biomarkers and therapeutic targets related to DN-
associated glomerular injury.
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Diabetes mellitus (DM) is a chronic metabolic disorder with profound public health implications, characterized 
primarily by persistent hyperglycemia. Its global prevalence continues to rise, posing a significant burden on 
healthcare systems. According to the World Health Organization (WHO), the number of individuals with 
type 2 diabetes (T2DM) is projected to reach approximately 629 million by 2045. Diabetes mellitus (DM) is 
associated with a spectrum of complications affecting multiple organ systems, including the cardiovascular, 
nervous, retinal, and renal systems, thereby contributing to increased morbidity and mortality rates1. Among 
these, diabetic nephropathy (DN) represents a major microvascular complication and the leading cause of end-
stage renal disease (ESRD)2.

The progression of DN is marked by several clinical hallmarks, including hypertension, increased urinary 
protein excretion, and a gradual decline in estimated glomerular filtration rate (eGFR). These pathological 
changes are influenced by genetic predisposition, hemodynamic disturbances, and metabolic dysregulation3. 
Histologically, DN is characterized by thickening of the glomerular and tubular basement membranes (BM), 
leading to progressive extracellular matrix (ECM) accumulation and tubulointerstitial fibrosis, ultimately 
resulting in irreversible kidney damage4. Impaired renal microcirculation further exacerbates glomerular 
capillary narrowing, culminating in glomerular obsolescence, declining filtration function, and, in advanced 
stages, azotemia and renal failure.

Microalbuminuria (MA) remains the primary clinical biomarker for DN diagnosis; however, its reliability 
in detecting early kidney injury and predicting disease progression remains debated. Individual variability 
and disease stage further complicate its diagnostic accuracy. Thus, there is an urgent need for more sensitive 
and specific biomarkers to enable early diagnosis and refined disease classification. Despite advancements 
in therapeutic strategies targeting metabolic, hemodynamic, and fibrotic pathways, the progression of renal 
dysfunction and the associated mortality rates in DN remain significant challenges, underscoring the necessity 
for deeper mechanistic insights and the development of targeted interventions.

Recent advances in high-throughput sequencing have facilitated the identification of molecular mechanisms 
and biomarkers associated with DN. Urinary and serum/plasma biomarkers have been shown to correlate with 
renal structural and functional alterations in DN patients5. To elucidate the molecular basis of glomerular injury 
in DN, this study integrates multi-omics data and bioinformatics analyses to systematically characterize DN-
associated biomarkers and their functional relevance.

We analyzed multiple microarray datasets, including GSE30528, GSE104948, and GSE96804. Differentially 
expressed genes (DEGs) were identified, and weighted gene co-expression network analysis (WGCNA) was 
performed to delineate DN-associated gene modules in the GSE30528 and GSE104948 datasets. Three machine 
learning algorithms were employed to refine key biomarker selection. The diagnostic potential of these 
biomarkers was assessed via receiver operating characteristic (ROC) curve analysis using the external validation 
dataset GSE96804. Additionally, expression patterns of five biomarkers were compared between DN and other 
kidney diseases in the GSE104948 dataset. To explore molecular heterogeneity, consensus clustering was applied 
to identify DN subtypes based on patient gene expression profiles.

Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and Gene Set Enrichment 
Analysis (GSEA) were utilized to elucidate the biological functions and pathway involvement of candidate 
genes. Protein-drug interaction and molecular docking analyses were conducted to assess the binding affinities 
of potential therapeutic compounds, providing insights into the regulatory mechanisms underlying glomerular 
injury in DN. Finally, key biomarkers were validated in a diabetic BKS-db mouse model using reverse 
transcription quantitative PCR (RT-qPCR), reinforcing the reliability of our bioinformatics predictions.

By integrating multi-omics analyses with experimental validation, this study delineates key molecular 
mechanisms and potential biomarkers implicated in glomerular injury in DN, offering theoretical insights and 
candidate targets for precision diagnostics and personalized therapeutic strategies. The overall workflow of this 
study is illustrated in Fig. 1.

Materials and methods
Data acquisition and integration
To identify key biomarkers associated with diabetic nephropathy (DN), the publicly available microarray datasets 
GSE30528 and GSE104948 were retrieved from the NCBI Gene Expression Omnibus (GEO) database ​(​​​h​t​t​p​s​:​/​/​
w​w​w​.​n​c​b​i​.​n​l​m​.​n​i​h​.​g​o​v​​​​​) using the keywords “Diabetic Nephropathy” and “Glomerulus.” RNA sequencing data 
were integrated with the corresponding clinical information for each sample. The GSE30528 dataset, generated 
using the GPL571 platform, comprised gene expression profiles from glomerular tissues of 9 DN patients and 13 
healthy controls. The GSE104948 dataset, based on the GPL22945 platform, included transcriptomic data from 
glomerular tissues of 7 DN patients and 18 normal controls. To enhance statistical power, these datasets were 
merged into a single cohort, and batch effects were mitigated using the sva R package6. The efficiency of batch 
correction was assessed via principal component analysis (PCA).

For external validation, the GSE96804 dataset (GPL17586 platform), which contains gene expression data 
from glomerular tissues of 41 DN patients and 20 healthy controls, was utilized to confirm the diagnostic 
relevance of the identified biomarkers. Additionally, the GSE104948 dataset (incorporating GPL22945 and 
GPL24120 platforms) was employed to evaluate the differential expression of candidate biomarkers across DN 
and five other kidney diseases—IgA nephropathy, membranous nephropathy, hypertensive nephropathy, lupus 
nephritis, and focal segmental glomerulosclerosis—thereby ensuring biomarker specificity for DN.
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Identification of differentially expressed genes (DEGs)
To identify key molecular alterations in DN, differentially expressed genes (DEGs) were determined using the 
limma R package, with statistical thresholds set at an adjusted p < 0.01 and |log₂FoldChange| ≥ 1. The identified 
DEGs were visualized through volcano plots and heatmaps, generated using the pheatmap and ggplot2 R 
packages7.

Weighted gene co-expression network analysis
Weighted gene co-expression network analysis (WGCNA) was performed to construct a gene co-expression 
network and to explore the relationships between gene modules and DN-related clinical phenotypes8. Key 
parameters for WGCNA were set as follows: minimum module size = 30, merging threshold = 0.25, and module 
membership > 0.8. Genes within highly correlated modules that overlapped with DEGs were designated as DN-
related genes and were subjected to further analyses.

Functional enrichment analysis of DN-related genes
To elucidate the biological functions of DN-related genes, functional enrichment analyses, including Gene 
Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG)9–11, and Gene Set Enrichment Analysis 

Fig. 1.  A flowchart for the study to identify the hug genes and drug predictions.
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(GSEA), were conducted using the ClusterProfiler and ggplot2 R packages12. GO analysis encompassed biological 
processes, cellular components, and molecular functions, while KEGG pathway analysis provided insights into 
cellular and systemic regulatory mechanisms. Significance thresholds were set at p < 0.05 and false discovery rate 
(FDR) < 0.05. For GSEA, the c2.cp.kegg.v7.4.symbols gene set was utilized, with enrichment criteria defined as 
|normalized enrichment score (NES)| > 1, p < 0.05, and q < 0.2513.

Machine learning analysis
To refine key diagnostic biomarkers for DN, advanced machine learning algorithms were applied to the identified 
DEGs. The GSE30528 and GSE104948 datasets were randomly partitioned into training and validation sets in 
a 7:3 ratio. Three distinct machine learning methods were employed: Least Absolute Shrinkage and Selection 
Operator (LASSO) regression was used to identify optimal feature genes by selecting the λ value with the lowest 
classification error14. Support Vector Machine-Recursive Feature Elimination (SVM-RFE)15 iteratively removed 
less informative features to enhance classification performance. The random forest (RF) algorithms16 analysis 
ranked feature importance and identified the most predictive biomarkers. Biomarkers consistently identified 
across all three algorithms were considered robust diagnostic candidates, with the results visualized using Venny 
(version 2.1.0, ​h​t​t​p​s​:​​/​/​b​i​o​i​​n​f​o​g​p​.​​c​n​b​.​c​s​​i​c​.​e​s​​/​t​o​o​l​s​​/​v​e​n​n​y​​/​i​n​d​e​x​​.​h​t​m​l). The diagnostic performance of these 
biomarkers was further validated through receiver operating characteristic (ROC) curve analysis using the roc R 
package, ensuring high sensitivity and specificity in distinguishing DN from healthy controls.

Validation of diagnostic biomarkers and model construction
To evaluate the predictive accuracy of the identified biomarkers and their association with diabetic nephropathy 
(DN), the GSE30528 and GSE104948 datasets were randomly partitioned into training and test sets in a 7:3 
ratio. A logistic regression model was constructed using the training cohort and subsequently validated in 
the test cohort. The model’s performance was assessed through receiver operating characteristic (ROC) curve 
analysis, with accuracy further evaluated using a confusion matrix. To ensure the robustness of the findings, a 
10-fold cross-validation was performed. The GSE30528 and GSE104948 datasets were randomly divided into 
ten equal subsets, with each subset serving as the test cohort in turn, while the remaining subsets were used for 
model training. The validation cycle yielding the highest accuracy was designated as the test cohort, with the 
remaining data forming the training cohort. ROC analysis and confusion matrices were employed to validate 
the model’s performance in both cohorts. For external validation, the GSE96804 dataset was used to compare 
gene expression differences between DN and normal controls, followed by ROC analysis to assess the model’s 
diagnostic capability17. Additionally, the GSE104948 dataset was utilized to evaluate the expression differences 
of the identified biomarkers across DN and other kidney diseases, ensuring biomarker specificity.

Immune infiltration and functional analysis
Single-sample gene set enrichment analysis (ssGSEA)18 was conducted using the GSVA R package to quantify 
the infiltration levels of 28 immune cell types in each sample. Three distinct scores—immune score, stromal 
score, and ESTIMATE score—were calculated using the ESTIMATE algorithm. Correlations between biomarker 
expression and immune infiltration levels were examined using the ggcorplot and boxplot R packages. 
Furthermore, immune cell infiltration patterns were compared with gene modules identified through WGCNA 
to elucidate immune-related functional associations.

Construction of MiRNA and transcription factor (TF) regulatory networks
To explore the regulatory mechanisms of the identified biomarkers, miRNA-biomarker interactions were predicted 
using the TarBase v9.0 database19, while TF-gene interactions were retrieved from the JASPAR database20. The 
resulting regulatory networks were constructed using NetworkAnalyst (https://www.networkanalyst.ca/)21 and 
visualized with Cytoscape v3.10.1.

Validation and clinical relevance analysis of biomarkers
The Nephroseq v5 online database (http://v5.nephrasq.org) was employed to investigate the clinical significance 
of the identified biomarkers, analyzing their correlations with key clinical parameters in glomerular tissue 
samples from DN patients.

Identification of DN molecular subtypes and GSVA analysis
Consensus clustering was performed using the ConsensusClusterPlus R package to classify DN samples into 
distinct molecular subtypes based on biomarker expression profiles22. The optimal number of clusters was 
determined through cumulative distribution function (CDF) curves. Differences in immune infiltration and 
pathway enrichment among the molecular subtypes were further examined using GSVA, with a significance 
threshold of p < 0.05.

Drug–gene interaction prediction and molecular Docking
Potential therapeutic agents targeting the identified biomarkers were predicted using the Drug Signatures 
Database (DSigDB, http://dsigdb.tanlab.org/DSigDBv1.0/)23 via the Enrichr platform. Drug structures were 
obtained from the PubChem database (https://pubchem.ncbi.nlm.nih.gov), while protein structures of the 
candidate genes were retrieved from the Protein Data Bank (PDB, http://www.rcsb.org/). Molecular docking was 
performed using AutoDock V1.5.724 to evaluate drug–target interactions, and docking results were visualized 
using PyMOL.
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Animal experiments
Six BKS-db mice were obtained from Beijing GemPharmatech Co., Ltd. and housed under standardized conditions 
(temperature: 20–26 °C, humidity: 40–70%, 12-h light/dark cycle). After 12 weeks of feeding, the animals were 
divided into two groups: an experimental group receiving intraperitoneal injections of streptozotocin (STZ) and 
a control group consisting of wild-type BKS-db mice injected with an equivalent volume of citrate buffer. Blood 
glucose levels were measured via tail vein sampling 5–7 days post-injection. Mice were considered diabetic if 
blood glucose levels in the experimental group were approximately threefold higher than in controls, and a 
statistically significant difference was observed (p < 0.05, t-test). Subsequent analyses were performed on diabetic 
mice.

All animal experiments were conducted in accordance with ethical guidelines and were approved by the 
Animal Management and Use Committee of Beijing Xiehe Jianhao Pharmaceutical Technology Development 
Co., Ltd. (approval number: TS24010-YX).

RNA extraction and real-time polymerase chain reaction (PCR)
Total RNA was extracted from kidney tissues using TRIzol reagent (Solarbio, Beijing, China). Complementary 
DNA (cDNA) synthesis was performed using a RevertAid First Strand cDNA Synthesis Kit (Thermo Fisher 
Scientific, Waltham, MA, USA). Quantification of four key genes was conducted using real-time polymerase 
chain reaction (PCR) with a SYBR Green reagent kit (Accurate Biology, Changsha, China) on a CFX PCR system 
(Bio-Rad, CA, USA). Primers were designed using Primer Premier 5.0 software (PREMIER Biosoft International, 
Palo Alto, CA, USA).

Statistical methods
All statistical analyses were performed using R software (version 4.1.2). The Wilcoxon rank-sum test was 
employed to compare biomarker expression levels between groups. Diagnostic performance was assessed 
using ROC curve analysis, with an area under the curve (AUC) approaching 1, indicating high sensitivity and 
specificity. Spearman correlation analysis was used to evaluate the associations between biomarkers and immune 
cell infiltration levels. A p-value < 0.05 was considered statistically significant.

Results
Integration and batch effect removal of DN datasets
The GSE30528 and GSE104948 datasets were retrieved from the GEO database and underwent rigorous batch 
correction and normalization. Supplementary Fig.  1 illustrates the data before and after normalization. The 
integrated dataset, comprising 16 DN samples and 31 control samples, was designated as the merged cohort. 
Principal Component Analysis (PCA) was conducted to visualize the inter-dataset variations and confirm the 
successful removal of batch effects (Fig. 2). To validate our findings, the external validation dataset GSE96804, 
consisting of 41 DN samples and 20 control samples, was also employed (Table 1).

Identification of differentially expressed genes (DEGs)
Differential expression analysis was conducted using the DESeq2 package in R, identifying a total of 79 upregulated 
genes and 154 downregulated genes as differentially expressed (DEGs). The thresholds for significance were set 
at p < 0.01 and |logFC| > 1. The top 30 DEGs from each category were visualized in a heatmap (Fig. 3A), while 
the overall distribution of DEGs was represented in a volcano plot (Fig. 3B).

Fig. 2.  Integration of datasets and removal of batch effects. (A) Principal component analysis (PCA) plot 
of datasets GSE30528 and GSE104948 before batch effect removal. (B) PCA plot of datasets GSE30528 and 
GSE104948 after batch effect removal.
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WGCNA analysis
WGCNA was performed to explore the gene co-expression network and identify key modules associated with 
the DN phenotype. Using a dissimilarity measure (1-TOM), we clustered all expressed genes (Fig.  4A). The 
optimal soft-threshold power of 7 was determined, achieving a scale-free topology fit index greater than 0.85 
for all networks, which was subsequently used for network construction (Fig. 4B). Gene modules were then 
identified, yielding a total of 14 modules (Fig. 4C). Among these, the turquoise and blue modules exhibited the 
strongest correlation with the DN phenotype (Fig. 4D,E). Genes from these two modules were intersected with 
DEGs to pinpoint DN-related genes, and the results were presented in a Venn diagram (Fig. 4F).

Functional enrichment analysis of DN-related genes
To investigate the biological functions underlying the DN-related genes, we performed Gene Ontology (GO) 
and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses. The GO analysis 
revealed that the DN-related genes are primarily involved in the regulation of cytokine and tumor necrosis factor 
signaling in biological processes (BP) (Fig. 5A). In cellular components (CC), these genes were predominantly 
enriched in pathways related to collagen fibers and collagen trimers, while in molecular function (MF), they were 
primarily associated with extracellular matrix activity and cytokine binding. KEGG pathway analysis further 
demonstrated that DN-related genes are significantly involved in cytokine-receptor interactions, phagosome 
formation, and chemokine signaling pathways (Fig. 5B). Gene Set Enrichment Analysis (GSEA) also revealed 
that these genes are strongly associated with renal aging, tumorigenesis, neutrophil responses, immune system 
activation, and transplant kidney rejection processes (Fig. 5C).

Identification of DN biomarkers through machine learning
To identify potential biomarkers for DN, we applied three distinct machine learning approaches. Using the Least 
Absolute Shrinkage and Selection Operator (LASSO) regression algorithm, 8 genes were selected as candidate 
biomarkers (Fig. 6A,B). Additionally, the Support Vector Machine-Recursive Feature Elimination (SVM-RFE) 
algorithm identified 23 candidate genes (Fig. 6C). The Random Forest (RF) algorithm highlighted the top 30 
diagnostic genes (Fig. 6D,E).

To evaluate the performance of the three machine learning models, we employed receiver operating 
characteristic (ROC) curve analysis on the test cohort. The area under the curve (AUC) for each model was as 
follows: LASSO: 0.972 (Fig. 7A), SVM-RFE: 1.0 (Fig. 7B), and RF: 0.944 (Fig. 7C). These results highlight the 
strong predictive capacity of the models in identifying genes critical to the pathogenesis of diabetic nephropathy 
(DN). Ultimately, five genes—FN1, C1orf21, CD36, CD48, and SRPX2—overlapped across all three methods and 
were considered robust diagnostic biomarkers (Fig. 7D). To further validate the generalizability and robustness 

Fig. 3.  Identification of differential expressed genes. (A) Heatmap of differentially expressed genes (DEGs) 
between DN and the control group. (B) Volcano plot of DEGs between DN and the control group.

 

Dataset Sample size (Disease: Control) Disease Species Sample type

GSE30528 9:13 DN Human Glomeruli

GSE104948 (GPL22945) 7:18 DN Human Glomeruli

GSE96804 41:20 DN Human Glomeruli

GSE104948(GPL22945,GPL24120) 12: 27: 21: 15: 32: 22 DN: IgA: MGN: HT: SLE: FSGS Human Glomeruli

Table 1.  Summary of the datasets obtained.
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of our machine learning models, we employed an independent dataset (GSE96804) obtained from the Gene 
Expression Omnibus (GEO) database (Supplementary Fig. 2).

Diagnostic significance and specificity of key DN biomarkers
To assess the diagnostic utility of the five candidate biomarkers in diabetic nephropathy (DN), we conducted 
receiver operating characteristic (ROC) curve analysis. An AUC value greater than 0.7 was considered 
indicative of robust diagnostic potential. The results revealed that the area under the ROC curve (AUC) for all 
five biomarkers exceeded 0.9 in the merged cohort (Fig. 8A), indicating high diagnostic accuracy. Expression 
analyses revealed significant differences between DN and normal controls. Specifically, FN1, CD36, CD48, 
and SRPX2 exhibited elevated expression in the glomerular tissues of DN patients (p < 0.001), while C1orf21 
expression was significantly reduced (p < 0.001) in the merged cohort (Fig. 8B).

Fig. 5.  Functional enrichment analysis of DN-related genes. (A) The top 5 Gene Ontology (GO) terms 
identified across three categories: molecular function (MF), cellular component (CC), and biological process 
(BP). (B) The top 10 Kyoto Encyclopedia of Genes and Genomes (KEGG) terms in enrichment analysis of DN-
related genes. (C) The top 15 Gene set enrichment analysis (GSEA) terms of DN-related genes.

 

Fig. 4.  Construction of the weighted gene co-expression networks. (A) Dendrogram of clustering all 
differentially expressed genes based on dissimilarity measure (1-TOM). (B) Network topology analysis 
for different soft-thresholding powers. (C) Correlation between different modules and clinical traits. (D) 
Significance of DN-related genes in the turquoise module. (E) Significance of DN-related genes in the blue 
module. (F) Venn diagram showing the overlap of DN-related genes between DEGs and WGCNA results.
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These biomarkers demonstrated comparable diagnostic performance in the validation cohort (Fig. 8C). The 
differential expression of these genes was corroborated in an external validation cohort, showing consistent gene 
expression patterns (Fig. 8D).

To examine the specificity of these biomarkers, we compared their expression profiles in DN and five other 
kidney diseases (focal segmental glomerulosclerosis [FSGS], hypertensive nephropathy [HT], IgA nephropathy 
[IgA], membranous nephropathy [MGN], and lupus nephritis). The analysis revealed that FN1, CD36, CD48, 
and SRPX2 were markedly upregulated in DN tissues compared to other kidney disease types, whereas C1orf21 
exhibited the opposite trend, highlighting its diagnostic specificity for DN (Fig. 8E).

Fig. 7.  Verification the effectiveness of three machine learning methods. (A) ROC curve of LASSO model 
in the test cohort. (B) ROC curve of SVM model in the test cohort. (C) ROC curve of RF model in the test 
cohort. (D) Venn diagram showing the overlap of DN biomarkers identified by the three machine learning 
methods.

 

Fig. 6.  Screening of DN biomarkers using machine learning methods. (A) LASSO regression analysis, 
resulting in eight feature genes. (B) Selection of the λ Parameter in 10-Fold Cross-Validation. (C) Support 
vector machine recursive feature elimination (SVM-RFE) algorithm, resulting in 23 genes. (D) Evaluation of 
Random Forest (RF) Model Performance. (E) Random forest (RF) algorithm, resulting in the top 30 feature 
genes.
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Model construction and validation
To further validate the five biomarkers in DN, we constructed a logistic regression model based on their 
expression profiles in the training cohort. ROC curve analysis of the model in the test cohort revealed an 
AUC of 0.767 (Fig. 9A). The model’s performance was further validated via 10-fold cross-validation, where it 
exhibited strong predictive power, with an AUC of 0.875 in the test cohort and perfect accuracy (AUC = 1) in the 
training cohort (Fig. 9B,C). Additionally, confusion matrix analysis was performed in both cohorts (Fig. 9D–F), 
and accuracy, recall, precision, and F1-score metrics are summarized in Table 2. These results underscore the 
potential of the identified biomarkers in DN pathogenesis and diagnosis.

Immune infiltration and TME analysis
We next investigated immune cell infiltration patterns in DN, identifying a strong association between several 
immune cell types—regulatory T cells, memory B cells, macrophages, mast cells, myeloid-derived suppressor 
cells, and activated CD8 T cells—within DN samples (Fig. 10A). Notably, DN samples exhibited significantly 
higher levels of activated CD8 T cells, central memory CD8 T cells, and other immune cell populations compared 
to controls (Fig. 10B).

Subsequent analysis of the correlation between the five biomarkers and immune cell infiltration levels revealed 
that FN1, CD36, CD48, and SRPX2 were significantly positively correlated with the infiltration of most immune 
cells, while C1orf21 exhibited negative correlations (Fig. 10C). These findings suggest that these biomarkers may 
modulate immune cell dynamics in DN progression.

Furthermore, we assessed the association between these biomarkers and TME-related scores. DN samples 
showed significantly higher estimates in immune, stromal, and overall TME assessments compared to controls 
(Fig. 10D–F). Strong positive correlations were observed between FN1, CD36, CD48, and SRPX2 with all three 
TME scores, while C1orf21 showed significant negative correlations (Fig. 10G). WGCNA analysis revealed 14 
distinct gene modules, with the turquoise and blue modules demonstrating strong correlations with immune cell 
infiltration levels (Supplementary Fig. 3).

Construction of biomarker regulatory network
To explore the transcriptional regulation of the five key biomarkers, we predicted their interactions with 
miRNAs and transcription factors (TFs). The most critical miRNAs identified were hsa-mir-145-5p, hsa-
mir-661, hsa-let-7  g-5p, and hsa-mir-26b-5p, while the most significant TFs included FOXL1, FOXC1, and 
NFKB1 (Fig. 11A,B). Enrichment analysis of the TF regulatory network revealed associations with inflammatory 
pathways, Toll-like receptor signaling, and DNA binding (Table 3). In contrast, the miRNA regulatory network 
was predominantly linked to lipid metabolism, extracellular matrix remodeling, and cytokine binding (Table 4).

Validation and clinical relevance analysis of biomarkers in the Nephroseq database
To further validate the clinical relevance of the identified biomarkers, we explored their expression profiles in DN 
glomerular tissue samples using the Nephroseq database. Consistent with previous findings, FN1, CD36, CD48, 
and SRPX2 were significantly upregulated in DN, while C1orf21 expression was notably reduced (Fig. 12A). The 
ROC curve analysis yielded an AUC exceeding 0.9 for these five biomarkers, confirming their high diagnostic 
potential in the Nephroseq dataset (Fig. 12B).

Additionally, we observed that FN1, CD36, CD48, and SRPX2 were significantly negatively correlated 
with glomerular filtration rate (GFR), implying their potential involvement in glomerular damage in diabetic 

Fig. 8.  ROC curve and expression level validation. (A, B) ROC curve and box plot of the expression levels of 
the five biomarkers between DN and the control group. (C, D) ROC curve and box plot of the expression levels 
of the five biomarkers between DN and the control group in an external dataset. (E) Boxplot of expression 
levels of five biomarkers between DN and other kidney diseases. *, P < 0.05; **, P < 0.01; ***, P < 0.001.
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nephropathy (DN). Conversely, C1orf21 exhibited a significant positive correlation with GFR (Fig. 12C). FN1 
and CD36 were also significantly positively correlated with serum creatinine levels (Fig. 12D), further suggesting 
their potential role in predicting poor prognosis in DN patients.

Determination of DN subtypes based on biomarkers
To elucidate the molecular subtypes associated with glomerular injury in diabetic nephropathy (DN), we 
classified DN samples into distinct molecular subtypes based on the expression profiles of five key biomarkers. 
Using an unsupervised clustering approach, we applied the ConsensusCluster R package to determine the 
optimal number of clusters. The consensus clustering matrix (Fig. 13A) and cumulative distribution function 
(CDF) plot (Fig. 13B) identified two clusters as the most stable configuration, with k = 2 as the optimal number 
of clusters. The CDF curve demonstrated a continuous decline from k = 2 to k = 9, corroborating the previous 
results (Fig. 13C). As a result, DN samples were classified into two distinct molecular subtypes: CS1 and CS2.

Immune correlation analysis of DN subtypes
To better understand the molecular divergence between the two subtypes, we first assessed the differential 
expression of key biomarkers. Notably, expression levels of FN1, CD36, C1orf21, and SRPX2 were significantly 

Index

Logistic regression k-fold cross-validation

Test cohort Training cohort Testing cohort

Accuracy 0.923 1 0.787

Precision 0.75 1 0.839

Recall 1 1 0.813

F1-score 0.857 1 0.825

Table 2.  The confusion matrix index of logistic regression and k-fold cross-validation.

 

Fig. 9.  The ROC curve and confusion matrix of the logistic model and the 10-fold cross validation according 
to the five key genes. (A) ROC curve of the logistic model in the test cohort for identifying DN from the 
normal tissues. (B) ROC curve of the 10-fold cross validation in the train cohort for identifying DN from the 
normal tissues. (C) ROC curve of the 10-fold cross validation in the test cohort for identifying DN from the 
normal tissues. (D) Confusion matrix of the logistic model in the test cohort. (E) Confusion matrix of the10-
fold cross validation in the train cohort. (F) Confusion matrix of the10-fold cross validation in the test cohort.
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downregulated in the CS1 subtype compared to the CS2 subtype (Fig.  14A). Immune infiltration analysis 
revealed significant alterations in immune cell populations within CS1. Specifically, the levels of effector memory 
CD4 + T cells, Th2 cells, natural killer (NK) cells, and natural killer T (NKT) cells were markedly reduced in the 
CS1 subtype, while Th17 cells and CD56-positive NK cells exhibited significant upregulation (Fig. 14B).

Subsequent GSVA functional enrichment analysis highlighted key molecular pathways that distinguished the 
two subtypes. In particular, fatty acid metabolism, bile acid metabolism, oxidative phosphorylation, and reactive 
oxygen species (ROS) pathways were significantly upregulated in CS1, suggesting that this subtype may be more 
closely associated with the pathophysiology of diabetic nephropathy (Fig. 14C).

Prediction of candidate drugs
We leveraged the Drug Signatures Database (DSigDB) to predict potential therapeutic agents for the identified 
biomarkers. Eight compounds were identified with an adjusted p-value < 0.05 (Table  5). Among these, 
acetovanillone, GW9662, electrocorundum, titanium dioxide, sodium dichromate, cube root extract, and 
alitretinoin were found to have significant associations with FN1 and CD36, while vitinoin showed interactions 
with multiple genes, suggesting its potential as a broad-spectrum therapeutic candidate.

Molecular docking
To investigate the binding affinity between the predicted therapeutic agents and their respective target proteins, 
we performed molecular docking using AutoDock V1.5.7 software. This analysis focused on evaluating 
the interactions between candidate drugs and the binding sites of protein targets encoded by the identified 
biomarkers. The docking results revealed that each drug interacted with its protein target via hydrogen bonds 

Fig. 10.  Immune analysis. (A) Heatmap of correlations between various immune cells in the DN group. 
(B) Boxplot showing differences in immune cell infiltration levels between the DN and control groups. (C) 
Heatmap of correlations between the five DN biomarkers and immune cell infiltration levels in DN. (D) 
Differences in ESTIMATE scores between DN and the control group. (E) Differences in IMMUNE scores 
between DN and the control group. (F) Differences in STROMAL scores between DN and the control group. 
(G) Heatmap of correlations between the five biomarkers and the three immune-related ESTIMATE scores. *, 
P < 0.05; **, P < 0.01; ***, P < 0.001.
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and strong electrostatic interactions. Notably, the binding energy between the CD36 gene and GW9662 was the 
lowest (-8.36 kcal/mol), indicating a particularly stable interaction (Fig. 15).

Validation of biomarkers in mice
To further validate the expression of the five biomarkers, we utilized 12-week-old BKS-db mice as an experimental 
model for diabetic nephropathy. Quantitative PCR (qPCR) was employed to measure the mRNA expression 
levels of FN1, CD36, CD48, and SRPX2. Consistent with the bioinformatics analysis, the results demonstrated 
significantly elevated expression levels of FN1, CD36, CD48, and SRPX2 in the DN mouse models compared 
to the normal controls (Fig. 16). However, due to the absence of the C1orf21 gene in mice, we were unable 
to confirm its expression in this model. To further corroborate the role of C1orf21, we performed additional 
validation using two external datasets, confirming its expression patterns in DN along with the other four 
biomarkers (Supplementary Fig. 4). All specific primers used in the study are listed in Table 6.

Project Pathway P.Value

KEGG

ECM-receptor interaction 1.11E-04

Fat digestion and absorption 1.06E-02

Malaria 1.26E-02

Adipocytokine signaling pathway 1.78E-02

PPAR signaling pathway 1.90E-02

GO: BP

Regulation of anatomical structure morphogenesis 1.18E-04

Cell_matrix adhesion 3.66E-04

Cell_substrate adhesion 8.41E-04

Exocytosis 1.38E-03

Regulation of developmental process 2.27E-03

GO: CC

Secretory granule 8.10E-04

Cytoplasmic vesicle part 2.26E-03

Cytoplasmic membrane_bounded vesicle 1.08E-02

Membrane_bounded vesicle 1.25E-02

Cytoplasmic vesicle 1.27E-02

GO: MF

Low_density lipoprotein particle binding 3.10E-03

Pattern recognition receptor activity 3.52E-03

Lipoprotein particle binding 5.38E-03

Collagen binding 9.71E-03

Cytokine binding 1.36E-02

Table 3.  Enrichment analysis of the MiRNA regulatory network.

 

Fig. 11.  Transcriptional regulatory network of DN biomarkers. (A) Regulatory network between DN 
biomarkers and microRNAs (miRNA). (B) Regulatory network between DN biomarkers and transcription 
factors (TF).
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Discussion
Diabetic nephropathy (DN) is one of the most prevalent and severe complications of diabetes mellitus 
(DM), contributing significantly to increased morbidity and mortality among diabetic patients25. In China, 
an estimated 92.4  million adults—approximately 9.7% of the adult population—have diabetes, with 60.7% 
remaining undiagnosed or untreated26. Approximately one-third of diabetic individuals eventually develop 
DN after a prolonged latency period. However, whether to routinely screen for microalbuminuria or conduct 
predictive assessments for diabetic nephropathy, as part of an individualized treatment strategy, to allocate 
resources for intensified interventions remains a matter of ongoing debate27. While previous research on DN 
has predominantly focused on renal tubular interstitial damage and its underlying pathogenesis, our study offers 
novel insights into glomerular lesions and potential therapeutic strategies through advanced bioinformatics 
approaches. Despite considerable efforts to identify new therapeutic targets for DN, the available knowledge 
remains insufficient, underscoring the urgent need for highly specific and sensitive biomarkers, as well as 
targeted pharmacological interventions.

In this study, we obtained gene expression profiles from two DN-associated glomerular tissue datasets, 
comprising 16 DN samples and 31 normal controls. Differential expression analysis identified 233 differentially 
expressed genes (DEGs), which were further analyzed using weighted gene co-expression network analysis 
(WGCNA) to identify key non-conserved modules. The turquoise and blue modules exhibited the strongest 
correlation with the DN phenotype, and the intersecting genes from these modules were further examined. 
Gene Ontology (GO) enrichment analysis revealed that these genes were primarily associated with cytokine 
regulation, tumor necrosis factor signaling, and extracellular matrix-related processes. Kyoto Encyclopedia of 
Genes and Genomes (KEGG) pathway analysis indicated that the genes were enriched in cytokine-receptor 
interactions, phagocytosis, and chemokine signaling pathways, while Gene Set Enrichment Analysis (GSEA) 
demonstrated their involvement in kidney aging, cancer-related pathways, and immune system regulation.

Through integrative machine learning approaches, including least absolute shrinkage and selection operator 
(LASSO) regression, support vector machine recursive feature elimination (SVM-RFE), and random forest 
(RF) analysis, we identified five key hub genes—FN1, CD36, CD48, SRPX2, and C1orf21—and validated 
their expression using independent external datasets. Receiver operating characteristic (ROC) curve analysis 
demonstrated that all five genes exhibited excellent diagnostic potential. Furthermore, in the GSE104948 dataset, 
we assessed the differential expression of these biomarkers across DN and five other kidney diseases. Notably, 
C1orf21 was significantly downregulated in DN compared to other renal diseases, whereas the remaining four 
genes exhibited high expression in DN. These findings highlight the specificity of these biomarkers in DN and 
their potential utility as diagnostic indicators. Finally, experimental validation via quantitative PCR (qPCR) 
confirmed the upregulation of FN1, CD36, CD48, and SRPX2 in DN mouse models, further corroborating our 
bioinformatics findings.

FN1 (fibronectin 1) is a major component of the extracellular matrix (ECM) and plays a crucial role in cell 
adhesion, migration, differentiation, host defense, and metastasis. FN1 promotes the secretion of M2 macrophage 
markers (IL-10) and reduces the production of the M1 marker TNF-α in a concentration-dependent manner28. 
FN1 is an important component of the ECM, and studies have shown that mutations in the FN1 gene may lead to 
thinning of the glomerular basement membrane and thin basement membrane nephropathy. The α5β1 integrin 

Project Pathway P.Value

KEGG

Prolactin signaling pathway 1.54E-09

Osteoclast differentiation 3.85E-09

AGE-RAGE signaling pathway in diabetic complications 1.94E-08

Hepatitis B 2.61E-08

Th17 cell differentiation 3.11E-08

GO: BP

MyD88: Mal cascade initiated on plasma membrane 6.23E-09

Toll Like Receptor TLR1:TLR2 Cascade 6.23E-09

Toll Like Receptor TLR6:TLR2 Cascade 6.23E-09

Toll Like Receptor 2 (TLR2) Cascade 6.23E-09

Activated TLR4 signalling 2.76E-08

GO: CC

Nucleoplasm 7.24E-17

Nuclear lumen 9.98E-15

Nuclear chromatin 1.04E-13

Organelle lumen 4.45E-13

Membrane_enclosed lumen 7.14E-13

GO: MF

Sequence_specific DNA binding 3.90E-34

Transcription from RNA polymerase II promoter 1.76E-28

DNA binding 8.33E-23

Transcription factor binding 7.79E-19

Positive regulation of transcription, DNA_dependent 6.25E-17

Table 4.  Enrichment analysis of the TF regulatory network.
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Fig. 13.  Unsupervised Consensus Clustering in the DN Merged Cohort. (A) Heatmap of the two DN sample 
groups when k = 2. (B) Cumulative Distribution Function (CDF) from k = 2 to 9. (C) Delta plot showing the 
change in the area under the CDF curve from k = 2 to k = 9 in consensus clustering.

 

Fig. 12.  Validation and clinical relevance analysis of DN biomarkers in the nephroseq database. (A) Validation 
of the expression characteristics of DN biomarkers. (B) Validation of the ROC curve characteristics of DN 
biomarkers. (C) Scatter plot showing the correlation between the expression levels of DN biomarkers and 
glomerular filtration rate (GFR). (D) Scatter plot showing the correlation between the expression levels of DN 
biomarkers and serum creatinine levels.
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receptor binds to FN dimers, facilitating the assembly of FN into a fibrillar matrix. This interaction induces 
conformational changes in FN, promoting FN-FN interactions that lead to the formation of new fibrils29. 
Through continuous deposition, these fibrils mature into a stable, insoluble matrix, serving as a scaffold for 
the deposition of other extracellular matrix components30. FN1 deposition can cause glomerular lesions and 
sclerosis, manifesting as renal dysfunction and hematuria31. FN1 has been implicated in DN progression due 
to its role in fibrosis and glomerular dysfunction. It aligns with previously identified biomarkers like TGF-β1 
and COAL41, which are also involved in extracellular matrix remodeling and fibrosis in DN32. Unlike TGF-β1, 
which is primarily a signaling molecule, FN1 directly contributes to structural changes in the kidney, making 
it a more specific marker for tissue damage. Previous studies primarily focused on the mechanistic role of FN1 
in ECM accumulation33, our study extends its significance by identifying FN1 as a predictive biomarker for 
early-stage DN, FN1 expression was upregulated in DN samples, which negatively correlated with the GFR 

Fig. 15.  Docking results of proteins and small molecules. (A). FN1 docking with Acetovanillone (affinity: 
−4.6); (B). FN1 docking with GW9662 (affinity: −7.57); (C). FN1 docking with Alitretinoin (affinity: −6.9); 
(D). CD36 docking with Acetovanillone (affinity: −5.14); (E). CD36 docking with GW9662 (affinity: −8.36); 
(F). CD36 docking with Alitretinoin (affinity: −7.8).

 

Drug name P Value Adjusted P Value Associated Genes

Acetovanillone CTD 00002374 4.71E-05 0.00891428 FN1; CD36

GW9662 CTD 00004071 8.22E-05 0.00891428 FN1; CD36

Electrocorundum CTD 00005364 9.10E-05 0.00891428 FN1; CD36

TITANIUM DIOXIDE CTD 00000489 5.15E-04 0.032755879 FN1; CD36

Vitinoin CTD 00007069 5.57E-04 0.032755879 SRPX2; FN1; C1ORF21

Sodium dichromate CTD 00000827 0.001054423 0.040242238 FN1; CD36

Cube root extract CTD 00006707 0.001084805 0.040242238 FN1; CD36

Alitretinoin CTD 00003402 0.001095027 0.040242238 FN1; CD36

Table 5.  Predicted candidate drugs.

 

Fig. 14.  Immune and differential analysis in DN subtypes. (A) Expression differences of biomarkers in the 
two obtained DN subtypes. (B) Boxplot showing the differences in immune cell infiltration levels between the 
two DN subtypes. (C) GSVA functional enrichment analysis between the two obtained DN subtypes. (D) *, 
P < 0.05; **, P < 0.01; ***, P < 0.001.
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and positively correlated with serum creatinine. Additionally, our analysis revealed novel regulatory networks 
involving FN1, suggesting that its role in DN may be more complex than previously understood and could serve 
as a key gene for glomerular tissue lesions in DN.

CD36 is a multifunctional receptor and a fatty acid transporter, widely expressed in various tissues and 
organs. It primarily mediates the uptake and translocation of long-chain fatty acids and is expressed in proximal 
and distal tubular epithelial cells, podocytes, and mesangial cells in the kidney. Podocytes are an important 
component of the glomerular filtration barrier, and one of the main pathological features of DN is podocyte 
damage leading to proteinuria. CD36-mediated lipid deposition and inflammation may exacerbate podocyte 
damage and contribute to the development of DN34–36. Elevated blood glucose levels can upregulate the 
expression of CD36, which subsequently binds to TGF-β1, thereby initiating the fibrotic process37. Besides, 
CD36 mediates lipid-induced toxicity, further aggravating fibrosis via the Wnt/β-catenin signaling pathway38. 
Additionally, CD36 serves as a signal hub in immune responses, mediating interactions between macrophages 
and endothelial cells39,40. Studies have shown that reduced CD36 expression may protect diabetic mice from 
oxidative stress and kidney damage41. CD36 is involved in lipid metabolism and inflammation, similar to 
biomarkers like MCP-1 and NF-κB, which are linked to inflammatory pathways in DN42. CD36 is unique in its 
role as a fatty acid transporter, contributing to lipid accumulation in renal cells, a process less emphasized in 
traditional DN biomarkers43,44. Studies primarily focused on the role of CD36 in lipid metabolism and oxidative 
stress, our study extends its significance by identifying CD36 as a predictive biomarker for early-stage DN and 
upregulation of CD36 was significantly associated with decreased GFR and increased serum creatinine. This 
distinction highlights the dual role of CD36—not only as a contributor to disease progression but also as a 
potential tool for early intervention.

CD48 encodes an immunoglobulin receptor involved in immune cell adhesion and activation. Experimental 
evidence has shown that CD48, a member of the signaling lymphocyte activation molecule (SLAM) family, 
interacts with CD244 to modulate immune responses. This interaction influences the cytotoxicity and effector 
functions of CD8 + T cells, playing a pivotal role in immune regulation. Similar to biomarkers like IL-6 and 
TNF-α, which are key players in the inflammatory response in DN. It has been reported CD48 is more specific to 
immune cell activation and may serve as a marker for immune-mediated kidney injury, a less explored aspect of 
DN pathology45,46. It has also been implicated in mediating acute rejection in transplanted kidneys47. CD48 may 
be implicated in humoral immunity and macrophage activation, with integrated polygenic regulation enhancing 
the inflammatory cascade, thereby accelerating the progression of DN48,49. Our findings support the role of CD48 

Gene Species Primer sequence (5′ to 3′)

FN1 Mouse
Forward: ​A​C​A​T​G​G​C​T​T​T​A​G​G​C​G​G​A​C​A​A

Reverse: ​T​T​C​G​G​C​A​G​G​T​A​T​G​G​T​C​T​T​G​G

CD36 Mouse
Forward: ​A​T​G​G​G​C​T​G​T​G​A​T​C​G​G​A​A​C​T​G

Reverse: ​A​C​T​G​G​C​A​T​G​A​G​A​A​T​G​C​C​T​C​C

CD48 Mouse
Forward: ​A​C​A​T​G​A​G​A​G​T​G​C​T​G​C​G​T​G​A​A

Reverse: ​A​C​T​A​G​C​C​A​A​G​T​T​G​C​A​G​T​C​C​A

SRPX2 Mouse
Forward: ​A​G​A​G​T​C​C​C​C​C​G​A​T​G​G​T​G​T​T​A

Reverse: ​A​C​A​G​G​A​G​A​G​C​T​C​A​C​A​A​C​G​T​G

Table 6.  Primers used for real-time PCR.

 

Fig. 16.  Validation of the expression level of key genes using RT-qPCR. FN1, (B) CD36, (C) CD48 and (D) 
SRPX2. p < 0.05; unpaired Student’s t-test.
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in DN and further validate its potential as a therapeutic target for immune modulation in DN. Additionally, 
SRPX2 is mainly expressed in perivascular regions and promotes neovascularization50. SRPX2 also facilitates 
cell proliferation and migration.SRPX2 is involved in cell adhesion and angiogenesis, similar to biomarkers like 
VEGF and ANGPT2, which are associated with vascular dysfunction in DN51. Specifically, SRPX2 expression 
is upregulated in renal endothelial cells under hyperglycemic conditions, where it disrupts vascular integrity by 
promoting endothelial-to-mesenchymal transition (EndMT). SRPX2 is less studied in DN but may highlight its 
potential as a therapeutic target in DN.C1orf21 may play a role in cellular stress responses, similar to biomarkers 
like HSP70 or SOD2, which are involved in oxidative stress and inflammation in DN.C1orf21 is less studied 
compared to established oxidative stress markers, and its specific mechanistic role in DN remains unclear. 
But our study has shown that C1orf21 expression is downregulated in DN glomerular tissue52 and introduces 
C1orf21 as a novel candidate for further investigation. This finding aligns with our results. However, the roles 
of CD48, SRPX2, and C1orf21 in DN, particularly in glomerular lesions, remain underexplored, and further 
investigation into their mechanisms could aid the development of new DN therapies.

Previous research has indicated that the pathogenesis of DN is complex and multifactorial, involving many 
pathways and mediators53. We found significant upregulation of immune, matrix, and estimated scores in DN 
compared to the control group, and there were also significant differences in immune cell infiltration levels 
between the two groups. Most immune cells, including CD8 + T cells, CD4 + T cells, killer cells, B cells, and 
macrophages, showed high infiltration in DN patients54. In type 2 diabetic patients’ kidneys, significant increases 
in CD4+, CD8+, and CD20 + T cells have been reported, correlating with proteinuria levels55. CD4 + T cells 
produce IFN-γ and TNF-α locally in the kidneys, exacerbating the occurrence and progression of DN56,57. 
Moreover, CD4 + T cells can amplify local inflammatory responses by activating the JAK/STAT pathway or 
secreting cytokines such as TGF-β, IL-6, and STAT358,59. Chronic inflammation in DN triggers the release 
of damage-associated molecular patterns (DAMPs)60, which subsequently activate B cells and drive cytokine 
production. Effector B cells further modulate the onset and progression of local inflammation through the 
secretion of IL-6 and TNF61,62. Additionally, elevated glucose levels trigger the ROS-p38 MAPK pathway in 
macrophages, leading to the release of TNF-α and promoting podocyte apoptosis63. High glucose enhances 
the expression of glycolytic enzymes, activates NF-κB in bone marrow-derived macrophages, and regulates 
macrophage activation, thereby exacerbating the inflammatory response64,65. Infiltrating macrophages mediate 
kidney damage by releasing lysosomal enzymes, growth factors, and vascular endothelial growth factors, thereby 
promoting DN progression. Interestingly, our study showed strong positive correlations among various immune 
cells, especially between T cells, CD4 + T cells, CD8 + T cells, B cells, and macrophages. This aligns with previous 
reports, emphasizing the importance of immune-related cells in the pathogenesis of DN. Furthermore, by 
analyzing the correlations between the five biomarkers and immune cells, we found significant associations 
with CD4 + T cells, CD8 + T cells, neutrophils, dendritic cells, mast cells, memory B cells, and helper T cells, 
confirming the findings from earlier studies that these immune cells play an important role66. Identifying these 
immune cells’ impact on renal damage in DN will help us identify reliable biomarkers and new therapeutic 
targets for DN patients.

Transcription factors (TFs) are major regulators of the expression of multiple target genes, generating feedback 
regulation in biological processes. Hypoxia-inducible factor (HIF-1) has been shown to mediate renal tubular 
interstitial fibrosis and tubular damage in type 1 diabetic mice67,68. Yin-Yang factor 1 (YY1) accelerates renal 
fibrosis in db/db mice by upregulating α-SMA expression and epithelial-to-mesenchymal transition (EMT)69. 
FOXC1 mediates normal development of the renal ureter, and mutations in FOXC1 result in complex kidney 
and ureteral phenotypes70. NFKB1 regulates membranous nephropathy and inflammatory progression in DN 
via the NF-κB pathway71,72. FOXL1 inhibits tumor cell proliferation in renal clear cell carcinoma73. miRNAs 
also play crucial roles in disease progression. Previous studies have shown that miR-1187 induces podocyte 
injury through autophagy, promoting the progression of DN74. miR-92a-1-5p mediates exosome transfer from 
proximal tubular cells, leading to mesangial cell damage in DN75. Our study found that hsa-miR-145-5p, hsa-
miR-661, hsa-let-7 g-5p, and hsa-miR-26b-5p may also be involved in the occurrence and progression of DN.

Based on the gene expression of the five biomarkers identified above, we classified two different DN 
subtypes. The results showed that the five biomarkers were all expressed at low levels in the CS1 subtype. Further 
analysis of the relationship between biomarkers and immune infiltration revealed that most immune cells 
also exhibited low expression in the CS1 subtype. In contrast to CS1, the immune infiltration levels of effector 
memory CD4 T cells, type 2 T helper cells, and natural killer T cells were higher in the CS2 subtype, while 
the immune infiltration of Th17 cells and CD56dim natural killer cells was lower. GSVA enrichment analysis 
indicated that various metabolic pathways, such as fatty acid metabolism, exogenous substance metabolism, and 
oxidative phosphorylation, were significantly upregulated in CS1. The metabolic abnormalities, such as those 
in fatty acid metabolism, could lead to increased blood lipids, reduced insulin effectiveness, and an elevated 
risk of cardiovascular diseases, suggesting that the CS1 subtype may exacerbate the development of diabetic 
nephropathy.

In our study, we predicted the gene-drug interactions of five biomarkers and identified three high-value 
potential compounds for DN treatment using molecular docking. Acetovanillone, a naturally occurring 
inhibitor of NADPH oxidase76, ameliorates cardiac and acute lung injury by suppressing oxidative stress and 
modulating inflammatory signaling pathways77,78.Studies have demonstrated that Acetovanillone ameliorates 
DN by inhibiting NADPH oxidase activity, leading to reduced reactive oxygen species (ROS) production and 
subsequent oxidative stress79. This reduction in oxidative stress contributes to improved renal function in 
diabetic models. Additionally, Acetovanillone has been shown to suppress NLRP3 inflammasome activation, 
thereby attenuating renal inflammation and fibrosis associated with DN. These findings suggest that targeting 
oxidative stress and inflammatory pathways with apocynin may offer a promising therapeutic approach for 
managing DN. In parallel, GW9662—a selective PPARγ antagonist—has been shown to exert a protective effect 
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against drug-induced renal injury when administered in combination with losartan80. In contrast, another study 
demonstrated that GW9662 inhibited the anti-fibrotic effects of pioglitazone in renal interstitium, highlighting 
its potential impact on fibrotic processes81. Recent studies suggest that GW9662 has been shown to inhibit 
renal fibrosis in DN by modulating PPARγ-mediated signaling pathways82. Specifically, GW9662 reduces the 
expression of fibrotic markers such as collagen and fibronectin, and suppresses TGF-β1 signaling, thereby 
attenuating renal fibrosis. Moreover, alitretinoin, a vitamin A derivative currently approved for the treatment of 
chronic hand eczema83, prevents fibrosis by mitigating NFκB activation and inhibiting its nuclear translocation 
in the glomerulus84. Studies have shown that Alitretinoin treatment significantly reduced the expression of 
inflammatory cytokines and oxidative stress markers in a DN model and Alitretinoin attenuated renal fibrosis 
by downregulating TGF-β1 signaling and reducing the accumulation of extracellular matrix components. 
While these findings underscore the potential of these agents to modulate key pathogenic pathways in DN and 
fibrosis83. Future studies should focus on in vitro and in vivo experiments to validate the biological relevance and 
therapeutic potential of these targets. For example, cell-based assays could be used to assess the effects of target 
inhibition on disease-related phenotypes, while animal models could be employed to evaluate the in vivo efficacy 
and safety of potential therapeutic compounds.

The biomarkers FN1, C1orf21, CD36, CD48, and SRPX2 identified in this study exhibit considerable 
potential for clinical translation in diabetic nephropathy (DN), offering new avenues for early diagnosis and 
targeted therapeutic strategies. Early diagnosis of DN remains a critical challenge, and the integration of 
multiple biomarkers could significantly improve diagnostic accuracy. For instance, previous studies developed 
a urine exosome-based multi-marker panel for early DN detection, which demonstrated superior sensitivity 
and specificity compared to traditional albuminuria testing85. Their approach leveraged the unique molecular 
signatures of exosomes, which reflect the pathophysiological state of renal cells, to identify early-stage DN with 
greater accuracy. Similarly, our study suggests that a panel combining FN1, CD36, and SRPX2 could provide a 
comprehensive assessment of DN risk. Furthermore, we use the logistic algorithms to analyze these biomarkers 
and develop predictive models for early DN detection. This approach could leverage the complementary 
information provided by multiple biomarkers, address the limitations of current diagnostic methods and pave 
the way for more effective and targeted interventions. Additionally, non-invasive methods, such as measuring 
CD48 levels in urine exosomes, patients might benefit from early interventions targeting immune activation 
and inflammation, potentially slowing disease progression86. Personalized treatment strategies based on 
biomarker profiles have the potential to revolutionize DN management. Similarly, recent research suggested that 
SRPX2, which is involved in angiogenesis and vascular dysfunction, could serve as a therapeutic target for anti-
angiogenic treatments87. Furthermore, C1orf21’s association with oxidative stress opens the possibility of using 
antioxidant therapies in patients with high C1orf21 expression88. To translate these biomarkers into clinical 
practice, large-scale, multi-center validation studies are essential. For example, studies conducted extensive 
validation of FN1 as a diagnostic marker, paving the way for its clinical adoption. Similarly, our findings need 
to be validated in diverse patient cohorts to ensure generalizability. Additionally, the development of cost-
effective and high-throughput detection methods, such as ELISA or mass spectrometry-based assays, is critical 
for widespread implementation. Collaborations with diagnostic companies and regulatory agencies, such as 
the FDA or EMA, will be necessary to obtain approval for clinical use89. Finally, integrating these biomarkers 
into clinical guidelines and educating healthcare providers will facilitate their adoption in routine practice. In 
conclusion, the biomarkers FN1, C1orf21, CD36, CD48, and SRPX2 hold significant promise for improving the 
diagnosis and management of DN. By enabling early detection and facilitating personalized treatment strategies, 
these biomarkers could transform the clinical approach to DN, ultimately improving patient outcomes and 
reducing the burden on healthcare systems. Biomarker-driven approaches have the potential to revolutionize the 
management of complex diseases like DN. With further research and validation, these biomarkers could become 
integral components of DN care, paving the way for more precise and effective interventions.

In summary, we conducted a comprehensive and systematic bioinformatics analysis and identified five 
potential biomarkers for DN, which are closely related to clinical indicators. The clinical model based on these 
biomarkers demonstrated high performance in DN diagnosis. We also constructed two molecular subtypes of 
DN, which showed significant differences in immune cell infiltration levels and various metabolic pathways, 
epithelial-mesenchymal transition, and angiogenesis. Enrichment analysis revealed the functional characteristics 
of these genes, and drug prediction and molecular docking suggested the potential therapeutic value of these 
genes. However, our study has certain limitations. Our study relies on publicly available datasets, which inevitably 
introduce certain biases due to inherent heterogeneity in sample composition, data acquisition protocols, and 
experimental conditions. Although we have implemented rigorous preprocessing and batch correction methods 
to mitigate these effects, such variability may still limit the generalizability of our findings. Therefore, future 
studies should focus on performing functional validations in cellular or animal models to confirm our findings 
and elucidate the underlying biological mechanisms. Furthermore, it will be crucial to verify the robustness and 
clinical applicability of these biomarkers in larger, independent cohorts to establish their relevance in clinical 
practice.

Data availability
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g​e​o​/​)​. The names of the repository/repositories and accession number(s) can be found in the article.
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