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Diabetic nephropathy (DN), a prevalent and severe complication of diabetes, is associated with poor 
prognosis and limited treatment options. N7-Methylguanosine (m7G) modification plays a crucial role 
in regulating RNA structure and function, linking it closely to metabolic disorders. However, despite 
its biological significance, the interplay between m7G methylation and immune status in DN remains 
largely unexplored. Leveraging data from the GEO database, we conducted consensus clustering 
of m7G regulators in DN patients to identify distinct molecular subtypes. To construct and validate 
m7G-related prognostic features and risk scores, we integrated multiple machine learning approaches, 
including Support Vector Machine-Recursive Feature Elimination, Random Forest, LASSO, Cox 
regression, and ROC curves analysis. In addition, we employed GSVA, ssGSEA, CIBERSORT, and Gene 
Set Enrichment Analysis to investigate the associated biological pathways and the immune landscape, 
providing deeper insights into the role of m7G methylation in DN. Based on the expression levels 
of 18 m7G-related regulatory factors, we identified nine key regulators. Through machine learning 
techniques, we identified four significant regulators (METTL1, CYFIP2, EIF3D, and NUDT4). Consensus 
clustering classified these genes into two distinct m7G-related clusters. To characterize these subtypes, 
we conducted immune infiltration analysis, differential expression analysis, and enrichment analysis, 
uncovering significant biological differences between the clusters. Additionally, we developed an 
m7G-related risk scoring model using the PCA algorithm. The differential expression of the four key 
regulators was further validated through in vivo experiments, reinforcing their potential role in disease 
progression. The m7G-related genes METTL1, CYFIP2, EIF3D, and NUDT4 may serve as potential 
diagnostic biomarkers for DN, providing new insights into its molecular mechanisms and immune 
landscape.
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Diabetic nephropathy (DN), also known as diabetic kidney disease, is a severe chronic microvascular 
complication of diabetes. It affects approximately 20–40% of diabetic patients1, with some studies suggesting that 
up to 50% may develop kidney disease over time2. Early manifestations of DN include an increased glomerular 
filtration rate (GFR) and microalbuminuria, which, if left unchecked, progress to persistent albuminuria, 
nodular glomerular lesions, and ultimately end-stage renal disease (ESRD)3. From 1990 to 2019, the incidence 
of DN rose by 156.5%, accompanied by a significant increase in mortality rates4. With the global prevalence of 
diabetes continuing to escalate, the incidence of DN is expected to rise correspondingly. By 2045, the global 
diabetic population is projected to reach 700 million, with nearly 40% at risk of developing DN5. DN is a major 
clinical and public health concern, imposing significant burdens on global economies and healthcare systems6.
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The diagnosis of diabetic nephropathy (DN) primarily relies on clinical presentation and laboratory 
findings. However, these indicators often emerge only in the advanced stages of the disease. Traditionally, 
microalbuminuria has been regarded as a primary marker for DN diagnosis. Yet, growing evidence suggests that 
many DN patients with microalbuminuria may revert to normal urine levels, while only a minority progress to 
proteinuria. Moreover, approximately one-third of DN patients with normal urinary protein levels experience a 
gradual decline in renal function, including glomerular filtration rate (GFR). This underscores that relying solely 
on proteinuria assessment may be inadequate for monitoring DN onset and progression7. Furthermore, a decline 
in GFR without the presence of microalbuminuria has been associated with tubular damage8. Several studies 
suggest that tubular and interstitial damage may occur in the early stages of DN and significantly contribute 
to disease progression. Hence, investigating biomarkers indicative of tubular damage in diabetes can facilitate 
the early detection of kidney structural and functional impairments, enhance DN monitoring, and improve 
prognosis. Timely detection and intervention are essential for slowing the progression of DN9,10.

RNA modification is a critical biochemical mechanism that alters the properties and functions of RNA 
molecules by introducing or chemically modifying specific functional groups11. Among these modifications, 
RNA methylation is one of the most widespread, encompassing diverse chemical alterations, with adenosine 
methylation being particularly prominent. Adenosine methylation occurs in various RNA molecules, including 
mRNA and non-coding RNAs such as circular RNA (circRNAs), microRNA (miRNAs), and long non-coding 
RNA (lncRNAs)12. RNA methylation includes various forms, such as m6A, m5C, and m7G, which collectively 
regulate gene expression and cellular functions, playing a crucial role in preserving cellular homeostasis and 
responding to environmental changes13,14. N7-methylguanosine (m7G) is a methylated RNA modification 
predominantly found in tRNA, specific rRNA subunits, and the 5’ cap of mRNA. It plays a pivotal role in RNA 
stability, transcription, translation, and splicing15. In recent years, substantial research has focused on the 
prognostic value of RNA modifications in DN16–18. However, research on m7G modification in DN remains 
limited. Previous studies have indicated that abnormal m7G RNA modification is associated with the progression 
of various pathological processes, including tumors and neurodegenerative diseases. However, its role in 
diabetes mellitus, particularly its influence on immune responses in DN, remains largely unexplored. Notably, 
m7G cap modification is frequently observed in mRNAs associated with DN and is involved in the regulation of 
their translation19. Given its critical role in transcriptional and translational regulation, m7G holds significant 
potential as a biomarker for DN and may serve as a foundation for developing novel diagnostic models.

With the advancement of DN research to the genetic and epigenetic level, bioinformatics tools have become 
essential for identifying prognostic and predictive biomarkers20. However, a major challenge in data processing 
lies in managing high-dimensional features and data redundancy. To address this, machine learning algorithms 
are increasingly being employed for feature selection and model development, enabling more efficient 
exploration of DN-related genetic markers and epigenetic modifications. For instance, Ma et al. first applied 
Best Subset Regression (BSR) analysis to identify feature subsets, then compared the coefficients of LASSO, 
Ridge Regression, and Elastic Net Regression to select predictive models. They subsequently developed an RF 
prediction model incorporating all m7G regulatory factors and ultimately identified diagnostic biomarkers for 
heart failure by integrating results from BSR analysis, Ridge Regression, and the RF algorithm. Building on these 
methodologies, the integration of machine learning is expected to drive advancements in bioinformatics-based 
data mining and analysis of DN-related m7G modifications. This approach can effectively identify key genes and 
epigenetic markers associated with DN, offering novel insights into disease diagnosis and treatment.

Here, utilizing seven publicly available DN microarray datasets—GSE4718421, GSE9680422,23, GSE10494824, 
GSE10495424, GSE3052825, GSE9932526, and GSE9933926—we performed differential expression analysis and 
algorithmic screening to identify key genes at the intersection of m7G regulatory factors. Through this approach, 
we identified four key regulatory factors—METTL1, CYFIP2, EIF3D, and NUDT4—and further applied machine 
learning techniques to analyze their relevance in DN. Based on the expression profiles of m7G regulatory factors, 
we clustered DN samples into m7G-associated subgroups. Subsequently, we conducted Principal Component 
Analysis (PCA) to compute the m7G scores for these two subgroups. Through differential expression analysis, 
enrichment analysis, and immune infiltration profiling, we characterized these two subgroups and identified two 
distinct subtypes of m7G-modified DN with unique immune profiles and biological functions. Furthermore, we 
validated these four regulators through in vivo experiments.

Materials and methods
Obtainment and preprocessing of DN datasets
Gene expression data from DN patients were retrieved from the GEO database ​(​​​h​t​t​p​:​/​/​w​w​w​.​n​c​b​i​.​n​l​m​.​n​i​h​.​g​o​v​
/​g​e​o​​​​​)​. We selected four datasets (GSE4718421, GSE9680422,23, GSE10494824, GSE10495424, ) for training set, as 
they have been extensively used in studies on DN and involve transcriptome analysis of renal tissue. GSE3052825, 
GSE9932526 and GSE9933926 were used as the validation set. Details of the datasets used in our study were 
presented in Table  1. Each dataset underwent background correction using the ComBat function from the 
“sva” R package (version 3.42.0) to eliminate batch effects. Subsequently, the data were merged and normalized, 
resulting in a dataset comprising 66 samples from DN patients and 60 from normal human kidney tissues.

Recent analyses of the GSEA database and previously published literature have identified 30 genes associated 
with m7G, including gene sets such as GOMF_RNA_CAP_BINDING (SNUPN, EIF4A1, EIF4E, NCBP2, 
CYFIP1, LARP1, IFIT5, EIF4E1B, GEMIN5, CYFIP2, AGO2, LSM1, DCPS, EIF4E3, NCBP2L, NCBP1, 
NCBP3, EIF3D, EIF4G3, EIF4E2), GOMF_M7G_5_PPPN_DIPHOSPHATASE_ACTIVITY (NUDT4, NUDT3, 
NUDT16, NUDT10, NUDT4B, NUDT1, NUDT11), and specific genes like METTL1, WDR4, and NSUN2 
documented in current literature27. These are considered commonly associated with m7G modification.
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Identification of differentially expressed m7G-related genes
Differential expression genes (DEGs) were identified using the “limma” R package (version 3.52.4)28, with 
significance set at P < 0.05. Among them, only 18 regulators were annotated in our dataset. We explored 
the association between the expression of these 18 genes and diseases, as well as the self-expression of m7G 
regulatory factors. The findings were depicted using a heatmap, and important regulatory factors were selected 
using the Wilcoxon signed-rank test.

Correlation analysis
Spearman’s rank correlation coefficient (method = “spearman”) was used to calculate the expression correlation 
of 9 m7G-related DEGs across all samples and DN samples, employing the cor.test function from the base R 
“stats” package. The correlations were visualized using the “corrplot” R package.

Protein–protein interaction (PPI) network analysis
Genes were imported into the Search Tool for the Retrieval of Interacting Genes (STRING, ​h​t​t​p​:​/​/​w​w​w​.​s​t​r​i​n​g​-​d​
b​.​o​r​g​​​​​) to construct PPI networks, using interactions with a combined score > 0.5. The network was visualized 
with Cytoscape (version 3.7.2), and genes were ranked according to their degree centrality values using the 
cytoHubba plugin.

Functional enrichment analysis
Gene Ontology (GO) enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway 
analysis were performed to evaluate the functions of 9 differentially expressed genes across distinct clusters29–33. 
GO analysis encompassed enriched biological processes (BPs), molecular functions (MFs), and cellular 
components (CCs). Enrichment analysis results with adjusted P < 0.05 were considered statistically significant, 
and the top 20 findings from each analysis were visualized using the “cluster Profiler (3.18.1)” R package.

Construction of prediction models
To identify m7G regulatory factors associated with DN occurrence, we employed three machine learning 
techniques: Support Vector Machine Recursive Feature Elimination (SVM-RFE), Random Forest (RF), and Least 
Absolute Shrinkage and Selection Operator (LASSO) regression. The detailed procedures are described below.

Support vector machine recursive feature elimination (SVM-RFE)
SVM-RFE is a feature selection algorithm that iteratively removes features with minimal contribution to 
classification performance34. The expression matrix of m7G regulatory factors, along with their classification 
labels (DN and normal groups), was used to train an SVM model for feature importance ranking. In each 
iteration, the least important features were removed, followed by model retraining. This process continued until 
all features were ranked, after which the top-ranked genes were selected for further analysis.

Random forest (RF)
RF is an ensemble learning algorithm that constructs multiple decision trees to evaluate feature importance34. 
The expression matrix was divided into training and test sets, and the RF model was trained on the training set 
to classify samples as DN or normal. Gene importance was assessed using metrics such as Mean Decrease in 
Accuracy (MDA) and the Gini Index. Genes with higher importance scores were selected for further analysis.

Feature intersection
To improve the robustness of feature selection, the top-ranked features from SVM-RFE and RF were analyzed 
using a Venn diagram. Only the overlapping genes identified by both methods were selected as core candidates 
for further analysis.

LASSO regression analysis
LASSO regression was applied to the intersecting gene set to identify key predictive features and develop a 
diagnostic model35. Cross-validation was performed using the “glmnet” R package (version 4.1-4) to determine 
the optimal regularization parameter (λ), ensuring a balance between model complexity and performance. 

Dataset Accession

Samples

TissueNM DN

Training set

GSE47184 4 11 Kidney

GSE96804 20 41 Kidney

GSE104948 18 7 Kidney

GSE104954 18 7 Kidney

Verification set

GSE30528 13 9 Kidney

GSE99325 7 18 Kidney

GSE99339 8 7 Kidney

Table 1.  The information of the datasets. NM normal, DN diabetic nephropathy.
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Features with non-zero coefficients at the optimal λ were selected, and the diagnostic score was computed using 
the formula:

Diagnostic Score = Σ(Coefficient × Gene Expression Level).

Model performance evaluation and validation
Internal validation and dataset partitioning
For internal validation, the dataset was randomly partitioned into training and validation sets at a 1:1 ratio. The 
training set was used to train the classification model, while the validation set was employed to evaluate model 
performance.

Confusion matrices and classification performance metrics
To assess classification performance, a logistic regression model (glm(), from the stats package) was applied, 
generating predictions based on a classification threshold of 0.5. Confusion matrices for the training and 
validation sets were computed using the confusionMatrix() function from the caret package (version 6.0–94). 
Heatmaps of the confusion matrices were generated using the ggplot2 package (version 3.4.0).

Key classification performance metrics were derived from the confusion matrices, including:

•	 Accuracy = (TP + TN) / (TP + TN + FP + FN).
•	 Sensitivity = TP / (TP + FN).
•	 Specificity = TN / (TN + FP).
•	 F1-Score = (2 × Precision × Recall) / (Precision + Recall).
•	 Precision = TP / (TP + FP).

All metrics were calculated using the confusionMatrix() function from the caret package. A bar plot comparing 
classification performance between the training and validation sets was created using the ggplot2 package.

Receiver operating characteristic (ROC) analysis
The model’s diagnostic performance was further evaluated through ROC curve analysis using the pROC R 
package (version 1.18.0). The Area Under the Curve (AUC) was computed to quantify classification accuracy.

External validation
To assess the model’s generalizability, external validation was performed on three independent datasets 
(GSE3052825 GSE9932526 GSE9933926) using the same classification model and evaluation metrics.

Risk score calculation
Expression matrices were processed to retain only genes relevant to the model. A logistic regression model (glm() 
from the stats package) was then used to compute risk scores, ensuring consistency with internal validation.

Performance metrics
Predictions were made using a classification threshold of 0.5, and confusion matrices were constructed with 
the caret package. Accuracy, sensitivity, specificity, and F1-score were computed for each dataset to evaluate 
classification performance.

Decision curve analysis (DCA)
The rmda package (version 1.6) was employed to assess the model’s clinical utility. Decision curves were 
constructed for risk scores, nomogram predictions, and clinical factors using decision_curve().

Calibration curve and C-index calculation
The rms package (version 6.7-0) was employed to generate a calibration curve, evaluating the agreement 
between predicted and actual probabilities. The concordance index (C-index) was calculated using rcorrcens() 
to quantify predictive accuracy.

Clustering and principal component analysis (PCA)
To investigate gene expression patterns, consensus clustering was conducted using the ConsensusClusterPlus 
package (version 1.62.0), categorizing samples into two distinct groups. Principal Component Analysis (PCA) 
was performed using the FactoMineR (version 2.8) and factoextra (version 1.0.7) packages to extract PC1 and 
PC2 from selected genes.

The m7G score was calculated as: m7G Score = ∑(PC1i + PC2i).
These analyses offered insights into the biological significance of identified gene signatures and ensured 

robust model validation across multiple datasets.

m7G-related gene expression in kidney diseases
Public gene expression datasets were obtained from GEO, including GSE7395336 (systemic lupus erythematosus, 
SLE), GSE9379837 (IgA nephropathy, IgAN), GSE3745538 (hypertensive nephropathy, HN), and GSE9932526 and 
GSE9933926 (diabetic nephropathy, DN). Data preprocessing involved normalization using the limma package 
in R, with batch effect correction via ComBat when necessary. Differential expression analysis of METTL1, 
CYFIP2, EIF3D, and NUDT4 was conducted using the Wilcoxon rank-sum test or Student’s t-test, depending on 
data distribution. Statistical significance was set at P < 0.05, with P < 0.001 considered highly significant. Violin 
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plots were generated using ggplot2 to visualize gene expression across disease groups and controls. Significant 
differences in gene expression were observed, suggesting a potential role for these genes in disease pathogenesis.

Gene set enrichment analysis (GSEA)
Enrichment analysis was performed using GSEA software (GSEA_4.2.3) on Java version 8.0 platform to 
investigate differentially activated biological pathways between control and DN groups. The merged dataset 
included 126 samples categorized into two groups: 60 control samples and 66 DN samples. The gene set used 
for analysis, c2.cp.kegg.v7.5.symbols.gmt, was obtained from the GSEA official website ​(​​​h​t​t​p​:​/​/​w​w​w​.​g​s​e​a​-​m​s​i​g​d​
b​.​o​r​g​/​g​s​e​a​/​i​n​d​e​x​.​j​s​p​​​​​)​​​3​9​​​. Enrichment scores (ES) were calculated with 1, 000 permutations, and gene sets ranged 
from 5 to 500. A normalized P-value < 0.05 and false discovery rate (FDR) < 0.25 were considered statistically 
significant thresholds.

Gene set variation analysis (GSVA)
GSVA analysis, one of the GSEA algorithms, could explore the difference in biological pathways between distinct 
pattern clusters according to the enrichment score. “GSVA (1.16.0)” R Package was applied to perform functional 
enrichment analysis of DN disease samples in GSE96804 to obtain the enrichment pathways. We downloaded 
“c2.cp.kegg.v7.4.symbols.gmt” from MsigDB database to carry out the analysis. Adjusted P value < 0.05 was 
considered to suggest statistical difference between distinct clusters.

Immune infiltration
Genes associated with 22 types of immune cells were collected from literature sources. Next, we correlated the 
expression profiles of these immune genes with the distribution of 22 immune cell types using single-sample 
gene set enrichment analysis40. Alongside our m7G regulators, we investigated the connections between the 22 
immune cell types and different m7G-related clusters, including immune cells marked by m7G-associated genes. 
Employing the “IOBR” R package, we used the CIBERSORT algorithm to calculate scores for the 22 immune 
infiltrating cells in each sample. Violin plots were generated to visually depict the inferred distribution of these 22 
cell types, demonstrating their correlations with immune cell infiltration. We conducted Spearman correlation 
analysis using the “cor.test” function to explore the relationship between m7G-related genes and immune cells.

Construction of diagnostic model of DN
To better explore the characteristics of our two m7G-related clusters, we conducted differential expression 
analysis, assessing DEGs between the two m7G-related clusters and between NM and DN samples using cutoff 
criterion |log2FC| > 1 (P < 0.05). Following the intersection of these two sets of DEGs, we built a diagnostic 
model using the overlapping DEGs identified through LASSO Cox regression.

	
Diagnostic Score =

∑
I Coefficients ∗ Expression level of signature

Animals
Male C57BL/6JGpt mice, aged 4-6-weeks, were acquired from GemPharmatech (Nanjing, China) and housed 
in a specific pathogen-free (SPF) environment. The experimental conditions were maintained at a temperature 
of 21 ± 3 °C, 50% humidity, and a 12-hour light/dark cycle. The mice were acclimated to these conditions for 
one week prior to the experiment. All animal experiments were conducted in accordance with the National 
Institute of Health (NIH) Guidelines for the Care and Use of Laboratory Animals and were approved by the 
Animal Experiment Ethics Committee of Jinan University (Approval No. 20231102-18). The mice were 
randomly divided into two groups: normal diet group (control group, CR n = 6), the STZ group (model group, 
MD n = 6). Throughout the experiment, the STZ group received daily intraperitoneal injections of streptozotocin 
(STZ, Sigma Aldrich, St. Louis, USA) at a dosage of 50 mg/kg for five consecutive days. Streptozotocin was 
dissolved in a 1% citric acid buffer with a pH of 4.5. One week later, diabetes was confirmed by measuring 
blood glucose levels, with a level exceeding 13.0 mmol/L indicating successful model establishment. At the end 
of the experiment (week 8), mice were euthanized with an overdose of sodium pentobarbital (100 mg/ kg) by 
intraperitoneal injection. Measurements included body weight, 24-hour urinary protein levels, and fasting blood 
glucose. Blood glucose was performed using a glucometer (Roche Diabetes Care GmbH, Basel, Switzerland). 
Mouse tissues were promptly frozen in liquid nitrogen for subsequent analysis. The study was reported in 
accordance with ARRIVE guidelines.

Histological analysis
Kidney specimens were fixed in a 4% paraformaldehyde solution for 1 to 2 h. After paraffin embedding, the 
samples were sectioned into 5 μm thick slices. The sections were stained with hematoxylin and eosin (H&E), 
periodic acid-Schiff (PAS), and Masson’s trichrome. High-resolution images were obtained using an Olympus 
microscope (Shinjuku, Japan). Image processing was performed using Image-Pro Plus software (version 6.0; 
Media Cybernetics, Bethesda, MD).

Urine biochemistry assays
Urinary albumin levels were determined using a mouse urinary albumin ELISA kit (Bethyl Laboratories, 
Montgomery, TX).
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Renal function assessment
Renal function was assessed based on blood urea nitrogen (BUN) and serum creatinine (Scr) levels in mice. 
BUN and Scr levels were detected using corresponding commercial enzyme-linked immunosorbent assay 
(ELISA) kits (JBS-M0549, SenBeiJia Biological Technology, China; JL20633, JianglaiBio, China), respectively.

Western blot analysis
Radioimmunoprecipitation experiment lysis buffer comprising 50 mmol/L Tris–HCl, pH 7.5, 150 mmol/L NaCl, 
0.5% deoxycholate, 1% Nonidet P-40, 0.1% sodium dodecyl sulfate, 1 mmol/L phenylmethylsulfonyl fluoride 
and 1  µg/mL protease cocktail was used to extract protein from cells and tissues. The protein content was 
determined using a bicinchoninic acid test kit. Protein samples (80 g/lane) were placed onto gels, separated using 
polyacrylamide gel electrophoresis with 10% sodium dodecyl sulfate, and then transferred to polyvinylidene 
difluoride membranes. The membranes were then treated with anti-METTL1, anti-CYTIP2, anti-EIF3D, anti-
NUDT4, or anti-GAPDH antibodies at 4℃ for an overnight period. A secondary antibody was applied to the 
membrane after 3 rounds of washing. Using improved chemiluminescence, certain signals were detected.

Immunohistochemical staining
The sections were washed 3 times with phosphate buffer saline and blocked in 10% goat serum for 30 min at room 
temperature after deparaffinization, rehydration and heat-induced epitope retrieval. Immunohistochemical 
staining was performed by incubating primary antibodies for CYFIP2 (Ag8749; proteintech), NUDT4 (Ag1346; 
proteintech), METTL1 (Ag6980; proteintech), and EIF3D (ER63335; HUABIO) overnight at 4℃. Subsequently, 
an HRP-DAB system (Proteintech, Wuhan, China) was used to detect the immunoactivity, followed by 
counterstaining with hematoxylin. Goat anti-rabbit immunoglobulin G (IgG; Proteintech, Wuhan, China) 
was used as the negative control. The sections were imaged under a light microscope. Twenty images under 
brightfield were randomly taken for per section in a blindedfashion (3 mice per group). Images quantified by 
Image-Pro Plus 6.0 analysis software.

Results
Identification of significant m7G regulatory factors in diabetic nephropathy
Figure 1 illustrated the study flow diagram. First, Spearman correlation analysis revealed significant correlations 
among several of these 18 regulatory factors based on their expression levels in the m7G dataset. Subsequently, 
this dataset was integrated with three GEO datasets for further analysis (Fig.  2A). Furthermore, a protein-
protein interaction (PPI) network was constructed, identifying interactions among 16 of these 18 regulatory 
factors, excluding LSM1 and SNUPN (Fig. 2B). Next, the Wilcoxon signed-rank test identified nine significant 
regulatory factors (P < 0.05) in the training set: DCP2, IFIT5, EIF4E2, NUDT11, NUDT3, LARP1, SNUPN, 
LSM1, and CYFIP1 (Fig. 2C). A heatmap was generated to visualize the expression levels of these nine significant 
regulatory factors (Fig. 2D).

Fig. 1.  Study flow diagram. NM normal, DN diabetic nephropathy, GEO Gnen expression omnibus, m7G 
N7-methylguanosine, DEG differentially expressed gene, CR normal, WB western blot, ROC receiver operating 
characteristic.
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Enrichment analysis of significant m7G regulatory factors
GO and KEGG analyses were conducted to assess the reliability of the study findings (P < 0.05) (Fig. 3A, B). 
Enrichment analysis results from multiple approaches indicated that these regulatory factors are predominantly 
involved in RNA metabolism. Moreover, several immune-related pathways were identified (Fig. 3B), including 
viral myocarditis, actin cytoskeleton regulation, and infections caused by pathogenic E. coli and Salmonella, 
suggesting that these m7G regulatory factors play pivotal roles in RNA modification and immune regulation.

Selection of critical m7G regulatory factors through machine learning
We employed various machine learning approaches to identify key regulatory factors in diabetic nephropathy 
(DN) and investigate their functional significance. Initially, SVM-RFE was applied to assess the diagnostic 
performance of these factors, identifying eight regulatory factors (Fig. 4A, B). Meanwhile, RF was utilized to 
evaluate the significance of these regulatory factors, selecting four with scores exceeding six (Fig. 4C, D). The 
intersection of SVM-RFE and RF results identified four regulatory factors (METTL1, CYFIP2, EIF3D, and 
NUDT4) as the core determinants (Fig. 4E). Furthermore, LASSO Cox regression was performed to validate the 
diagnostic utility of these four regulatory factors (Fig. 4F, G). Thus, all four regulatory factors were confirmed as 
significant diagnostic markers. Additionally, based on the expression matrix of overlapping regulatory factors, 
bar plots were generated to illustrate the ability of these four m7G regulatory factors to distinguish early- and 
late-stage DN. Calibration curves were plotted to assess the model’s predictive accuracy (Fig. 4H, I). Machine 
learning analysis demonstrated that METTL1, CYFIP2, EIF3D, and NUDT4 exhibit high sensitivity and 
specificity in distinguishing DN (Fig. 4J). ROC analysis further evaluated the specificity and sensitivity of the 
selected disease-related m7G genes in distinguishing DN. The AUC values for METTL1, CYFIP2, EIF3D, and 
NUDT4 all exceed 0.698 (Fig. 4K, L, M, N).

Fig. 2.  The basic landscape of m7g-regulators in DN. (A) Bar plot of expression levels of 18 m7G regulatory 
factors. (B) PPI network of 18 m7G regulatory factors. (C) Expression differences of 18 m7G regulatory 
factors between NM and DN groups.(D) Heatmap of 9 key regulatory factors between NM and DN. *P < 0.05; 
**P < 0.01; ***P < 0.001. NM, Normal; DN, diabetic nephropathy.
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Identification of two distinct m7G-related clusters
Consensus clustering analysis, based on the expression levels of four key regulatory factors identified through 
machine learning, stratified DN samples in the training set into two m7G-related clusters, with K = 2 determined 
as the optimal solution (Fig.  5A–D). Furthermore, the PCA plot illustrated significant differences between 
clusters A and B (Fig.  5E). Moreover, all four regulatory factors exhibited significant statistical differences 
between m7G-related clusters A and B (Fig. 5F, G). According to the PCA algorithm, the m7G scoring module 
effectively differentiated these clusters (P < 0.05), with higher scores observed in m7G-related cluster B and lower 
scores in cluster A (Fig. 5H).

GSEA, immune infiltration, and immune checkpoint features of m7G-related clusters
GSEA was conducted to elucidate the characteristics and functions of the m7G-related clusters. It identified 
three pathways (P < 0.05), highlighting the association between m7G scoring and both metabolism and the 
immune system (Fig. 6A). Subsequently, immune infiltration analysis was conducted to illustrate the association 
between the four key regulatory factors and the infiltration scores of 22 distinct immune cell types. The results 
indicated stronger associations in cluster B, suggesting a significant increase in immune cell infiltration among 
DN patients with higher m7G scores (Fig. 6B, C). Furthermore, Pearson correlation coefficients were calculated 
to evaluate the relationship between the expression of immune checkpoint-related genes and m7G scoring in 
these clusters, providing a comprehensive assessment of immune characteristics.

Validation of an m7G-related signature model
To validate the m7G regulator-based signature model for diabetic nephropathy (DN), which consists of four key 
regulatory genes (METTL1, CYFIP2, EIF3D, and NUDT4), we employed multiple evaluation methods to assess 
its robustness and reliability across independent transcriptomic datasets. The heatmap (Fig. 7A) illustrated the 
distinct expression profiles of the four key genes in the training dataset, effectively distinguishing the control 
group from the treatment group. These significant expression differences underscored the potential of these 
genes as reliable biomarkers for diabetic nephropathy (DN). The calibration curve (Fig.  7B) demonstrated a 
strong concordance between predicted and actual probabilities, achieving a C-index of 0.892 and confirming 
the model’s high predictive accuracy. The nomogram (Fig. 7C) served as a practical tool for individualized risk 
assessment, integrating the m7G score and key gene expression levels to quantitatively estimate the probability 
of DN. The ROC curves (Fig. 7D) validated the model’s superior diagnostic performance, with the integrated 
nomogram achieving an AUC of 0.892, significantly exceeding the AUCs of individual genes (0.698–0.758). 
The decision curve analysis (Fig. 7E) highlighted the model’s clinical utility, demonstrating that the nomogram 
provided the highest net benefit across a broad range of threshold probabilities. Collectively, these findings 
confirm the reliability, predictive accuracy, and clinical relevance of the m7G regulator-based signature model 
for diabetic nephropathy (DN).

To evaluate the disease specificity of the key genes, we analyzed their expression levels in diabetic 
nephropathy (DN) compared to systemic lupus erythematosus (SLE), IgA nephropathy (IgA), hypertensive 
nephropathy (HN), and their respective controls (Fig. 7F). METTL1 and CYFIP2 showed significantly higher 
expression levels in DN (P < 0.001), whereas EIF3D and NUDT4 exhibited moderate but statistically significant 
increases (P < 0.05). Although NUDT4 displayed slight variation in hypertensive nephropathy (HN) (P < 0.05), 
no significant changes were detected in SLE or IgA nephropathy, supporting the predominant specificity of these 
genes for DN (Fig. 7F).

Fig. 3.  Enrichment analysis results for 9 m7G-regulated factors. GO analysis is depicted in histogram 
form (A), while KEGG analysis is shown as a bubble plot31–33 (B). Both figures highlight the enrichment of 
significantly regulated factors associated with differential m7G methylation modifications.
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Fig. 4.  Further screening of key m7G regulatory factors for DN through machine learning. (A,B) SVM-RFE 
identified 8 significant features. (C,D) Random forest identified 4 significant features. (E) Venn diagram of 
overlapping features from RF and SVM-RFE. (F,G) Results of lasso-cox regression analysis. (H) Nomogram 
of four key regulatory factors distinguishing early and late DN confirmed by machine learning. (I) Calibration 
curve of the nomogram. (J) Differential expression of four key regulatory factors between NM and DN in our 
training set. (K–N) Validation ROC curves of the discriminative power of 4 m7G genes. ***P < 0.001.
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External validation was conducted using the GSE30528, GSE99325, and GSE99339 datasets to evaluate 
the m7G regulator-based signature model. Heatmaps (Fig. 7G, K, O) depicted the consistent dysregulation of 
key genes, including METTL1, CYFIP2, EIF3D, and NUDT4, in DN samples relative to controls, highlighting 
their potential as DN-specific biomarkers. Calibration curves (Fig. 7H, L, P) exhibited a strong concordance 
between predicted and actual probabilities, confirming the robustness of the model. ROC curves (Fig. 7I, M, 
Q) yielded AUC values ranging from 0.732 to 0.897, validating the model’s strong predictive performance in 
distinguishing DN from controls. Finally, decision curve analyses (Fig. 7J, N, R) highlighted the model’s clinical 
utility, demonstrating significant net benefits across a broad range of threshold probabilities. Collectively, these 
findings confirm the reliability, diagnostic precision, and clinical applicability of the proposed model for DN.

To further assess the classification performance of our model, we constructed confusion matrices for both 
the training and test sets (Supplementary Figure S1). The confusion matrix for the training set indicated that the 
model correctly classified 29 DN samples and 29 normal samples, with 3 false positives and 2 false negatives, 

Fig. 5.  Identification of m7G-related clusters and construction of the m7G scoring model. (A) Cumulative 
distribution curve of consensus clustering analysis results. (B) Area under the curve of consensus clustering 
analysis results. (C) The consensus cluster of items (in column) at k = 2–9 (in row). (D) Heatmap of two 
different m7G-related clusters. (E) PCA plot of the above two different clusters. (F) Expression levels of 4 key 
regulatory factors between clusters A and B. (G) Heatmap of 4 key regulatory factors revealing expression 
levels between clusters A and B. (H) Difference in PCA scores of 4 key m7G-related regulatory factors between 
the two clusters. **P < 0.01; ***P < 0.001.
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achieving an accuracy of 92.06%, sensitivity of 90.63%, and specificity of 93.55%. Likewise, in the test set, the 
model correctly classified 30 DN samples and 23 normal samples, with 5 false positives and 5 false negatives, 
yielding an accuracy of 84.13%, sensitivity of 82.14%, and specificity of 85.71%. These findings confirm the 
model’s strong generalizability and reliability in accurately distinguishing DN from control samples across 
different datasets.

Explore the differences between the above two clusters and build a diagnostic model
To further emphasize the significance of m7G-related clusters, differential expression analysis was conducted 
using |log₂FC| > 1 (P < 0.05) as the cutoff, identifying 92 differentially expressed genes (DEGs), including 18 

Fig. 6.  Immune signature and pathways of two distinct m7G subtypes. (A) The results of the GSEA 
enrichment analysis in two clusters. (B) Gene-set variation analysis (GSVA) of biological pathways enrichment 
between two m7G subtypes. (C) The mantel correlation heat map between the expression level of four 
significant regulators and 28 different kinds of immune cells in two different cluster.
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Fig. 7.  Validation of an m7G-related signature model for diabetic nephropathy using independent 
transcriptomic datasets. (A–E) Heatmap (A), calibration curve (B), nomogram (C), ROC curves (D), and 
decision curve analysis (E) collectively illustrate the expression patterns, predictive accuracy, and clinical utility 
of key regulatory factors, m7Gscore, risk score, and the nomogram, derived from a training set across multiple 
datasets (GSE47184, GSE96804, GSE104948, GSE104954). (F) Violin plots showing the expression levels of 
METTL1, CYFIP2, EIF3D, and NUDT4 across SLE, IgA, HN, DN, and their respective control groups. (G–R) 
Heatmaps (G,K,O), calibration curves (H,L,P), ROC curves (I,M,Q), and decision curve analyses (J,N,R) 
collectively present the expression patterns, predictive accuracy, and clinical utility of key regulatory factors, 
m7Gscore, risk score, and the nomogram, derived from GSE30528, GSE99325, and GSE99339 datasets as 
validation sets. *P < 0.05; **P < 0.01; ***P < 0.001.
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upregulated and 26 downregulated genes, which were visualized using volcano plots and heatmaps (Fig. 8A). 
Moreover, an overlap of DEGs was observed between NM and DN, as well as between the clusters. In total, 
12 DEGs were identified: LYZ, MMP7, VCAN, LUM, FN1, G6PC, FOS, ALB, HPD, GSTA1, EGF, and PVALB 
(Fig. 8B, C). These DEGs served as potential candidates for LASSO Cox regression.

Using 10-fold cross-validation, λ_min = 0.01490143 was determined as the optimal regularization parameter, 
identifying five key genes associated with m7G classification (Fig. 8D, E). Additionally, a Cox logistic regression 
model was applied to predict and extract three key genes significantly associated with DN from these five 
feature genes. Hence, LUM, G6PC, and FOS were selected to construct the DN diagnostic model (Fig. 8F, G, 
H). Moreover, all samples were randomly divided into two subsets (validation and training sets) at a 1:1 ratio. 
The Wilcoxon signed-rank test was performed using the aforementioned diagnostic scoring formula to evaluate 
statistical differences between NM and DN samples, revealing significant differences in diagnostic scores 
between the groups (P < 0.05) (Fig. 8I, J). Additionally, the receiver operating characteristic (ROC) curves of the 

Fig. 8.  Establishment of m7G-related diagnostic model. (A) Volcano plot of DEGs between two different m7G 
clusters. (B,C) Venn diagram of overlapping DEGs; (B) upregulated DEGs between two different clusters. (C) 
downregulated DEGs between NM and DN groups. (D,E) Results of lasso regression analysis. (F–H) Results of 
Cox logistic regression analysis. (I,J,M) Difference in diagnostic scores between NM and DN in our (I) training 
set, (J) internal validation set, and (M) external validation set. (K–N) ROC curves of diagnostic scores: (K) 
training set, (L) internal validation set, (N) external validation set.
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diagnostic model yielded AUC values of 0.963 in the validation set and 0.993 in the training set, confirming its 
outstanding performance (Fig. 8K, L). Furthermore, to further validate the diagnostic model’s accuracy, another 
external dataset, GSE30528, was utilized. The diagnostic values between NM and DN samples showed significant 
differences (P < 0.05) (Fig. 8M). Additionally, the AUC of the ROC curve for the diagnostic model in GSE30528 
was 0.915, confirming its robust accuracy (Fig. 8N).

Validation of screened core genes
To investigate the role of four key biomarkers in diabetic nephropathy (DN), we established a DN mouse model. 
Immunohistochemical analysis was conducted to assess protein expression levels in biopsy tissues from six 
normal kidneys and seven DN model mice. The DN model (MD) group exhibited significantly higher body 
weight, fasting blood glucose, 24-hour urine volume, serum creatinine (Scr), blood urea nitrogen (BUN), 
albumin (ALB), and urine creatinine (UCR) compared to the control (CR) group (Fig. 9A–G). Renal pathology 
across the groups was evaluated using Hematoxylin and Eosin (H&E), Periodic Acid-Schiff (PAS), and Masson’s 
trichrome staining. Pathological alterations observed in DN mouse kidneys included mesangial expansion, 
basement membrane thickening, and increased renal fibrosis. Interstitial fibrosis was also noted in the tubular 
region (Fig. 9H). The expression levels of EIF3D, CYFIP2, METTL1, and NUDT4 were subsequently analyzed 
(Fig. 9I). EIF3D expression was significantly upregulated in the MD group, whereas CYFIP2, METTL1, and 
NUDT4 expression levels were higher in the CR group than in the MD group. Immunohistochemistry revealed 
that EIF3D expression was upregulated, whereas CYFIP2, METTL1, and NUDT4 expression levels were 
downregulated in the DN group compared to the normal group (Fig. 9J). Therefore, EIF3D, CYFIP2, METTL1, 
and NUDT4 exhibit high specificity and sensitivity for DN, particularly when combined for diagnostic purposes.

Discussion
Diabetic nephropathy (DN) is a serious microvascular complication of diabetes mellitus (DM), primarily 
driven by inflammation, oxidative stress, and epigenetic modifications41–44. Hyperglycemia-induced oxidative 
stress damages glomerular cells, resulting in proteinuria and tubulointerstitial fibrosis43. Several inflammatory 
mediators contribute to DN progression, including intrarenal angiotensin (Ang), which enhances glomerular 
capillary permeability and stimulates mesangial cell proliferation42. Persistent renal inflammation exacerbates 
renal injury43, as inflammatory cells secrete pro-inflammatory cytokines, inducing epithelial-to-mesenchymal 
transition (EMT).

Epigenetics plays a pivotal role in DN pathogenesis, with epigenetic modifications, including DNA 
methylation, histone modifications, and non-coding RNA methylation, regulating disease progression44. 
Notably, m7G (7-methylguanosine) methylation, a key tRNA modification, plays an essential role in RNA 
metabolism and cellular function43.

This study aimed to identify and validate an m7G-related diagnostic signature for DN. Through transcriptomic 
analysis, machine learning, and experimental validation, four key m7G regulatory genes—METTL1, CYFIP2, 
EIF3D, and NUDT4—were identified as crucial contributors to DN pathogenesis, exhibiting strong diagnostic 
potential. This study explores their clinical relevance, the rationale for utilizing a DN mouse model, and their 
broader implications in disease research. These findings offer novel insights into DN pathogenesis and identify 
potential biomarkers for clinical application.

Clinical significance of the identified m7G regulators
The four key genes identified in this study play distinct yet interconnected roles in diabetic nephropathy (DN) 
pathogenesis, highlighting their clinical significance as potential biomarkers.

EIF3D, a subunit of the EIF3 complex, possesses unique cap-binding activity, enabling the translation 
of specific mRNAs, such as cJUN mRNA, via an EIF4E-independent mechanism. It is essential for adaptive 
translation under nutrient deprivation. Its cap-binding function is precisely regulated by two phosphorylation 
sites located at the C-terminal tail, near the cap-binding domain45. EIF3D, structurally similar to the DXO family 
of cap-specific exonucleases, specifically recognizes the 5’ cap structure of mRNA. Its activity is regulated by 
the EIF3 complex, which recruits target mRNAs for translation. Its specificity for N-7 methylated guanosine, 
as evidenced by competitive inhibition with m7GDP, underscores its selective role in translation regulation46. 
Aberrant EIF3D expression has been linked to tumor progression, particularly in bladder cancer, where 
its overexpression drives tumor cell proliferation and metastasis. These findings suggest that EIF3D’s role in 
selective mRNA translation may extend beyond cancer, potentially functioning as a key regulator in diseases 
characterized by dysregulated translation, including inflammatory and metabolic conditions.

The well-established role of EIF3D in modulating mRNA translation under stress conditions, such as nutrient 
deprivation, suggests its potential involvement in chronic inflammatory diseases, including DN. Although its 
role in DN remains unexplored, EIF3D is likely involved in modulating the translation of pro-inflammatory 
cytokines and stress-response genes, thereby contributing to disease progression. The functional similarities 
between EIF3D’s activity in cancer and its potential role in inflammation or fibrosis suggest that EIF3D may 
serve as a key regulator of pathological translation processes across various diseases.

METTL1, an m7G methyltransferase, regulates RNA metabolism by stabilizing tRNA through m7G 
methylation, a process essential for translational efficiency47,48. Studies confirm that enhancing m7G modification 
of tRNA via the METTL1/WDR4 complex stabilizes mRNA decay and improves translation efficiency, which 
is associated with poor survival rates in human cancers. These findings underscore METTL1’s pivotal role in 
translational regulation and suggest its potential as a key regulator in diseases associated with aberrant RNA 
metabolism. Mutations in yeast m7G methyltransferase lead to rapid decay of under-methylated tRNA, resulting 
in growth defects49. METTL1 deficiency results in the loss of m7G tRNA modification, reduced stability of 
under-methylated tRNA, and global translation defects50,51. Given its established role in RNA methylation and 

Scientific Reports |         (2025) 15:9208 14| https://doi.org/10.1038/s41598-025-93811-x

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 9.  External validation of screened biomarkers. (A) The body weight of all mice was measured weekly 
(n = 5 or 6). (B) Fasting blood glucose levels of all mice were measured weekly (n = 5 or 6). (C) Twenty-four-
hour urine samples were analyzed to detect albumin (n = 5). (D–G) Serum creatinine (S-Cr) (D), blood urea 
nitrogen (BUN) (E), albumin (ALB) (F), and urine creatinine (UCR) (G) were assessed in mice from each 
group (n = 5 or 6). (H) Pathological changes in the kidneys of mice from different groups were evaluated using 
hematoxylin-eosin (H&E), periodic acid-Schiff (PAS), and Masson’s trichrome staining. (I) Western blotting 
was employed to detect protein markers; representative blots and density measurements are shown (n = 3). (J) 
Immunohistochemical staining was utilized to detect the expression of four core biomarkers in normal kidney 
tissues (left) and DN kidney tissues (right) (scale bar, 50 μm). Positive brownish-yellow staining was quantified 
(n = 3). Data are presented as mean ± SEM. *P < 0.05; **P < 0.01; ***P < 0.001. CR, normal; MD, diabetic 
nephropathy.
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translational control, METTL1 may influence DN progression by modulating inflammation or oxidative stress, 
similar to its role in cancer and metabolic disorders.

CYFIP2 is a p53-induced gene that suppresses colon cancer proliferation, activates caspases, and induces 
apoptosis52. In gastric cancer, circRNA CYFIP2 interacts with miRNA-1205 to regulate the E2E1 gene, which 
is directly targeted by miRNA-1205, thereby promoting tumor proliferation and metastasis53. These findings 
underscore CYFIP2’s pivotal role in apoptosis regulation, immune responses, and tumor progression, suggesting 
its broader functional relevance in diseases characterized by immune dysregulation and apoptosis, including 
DN. The ability of CYFIP2 to regulate apoptosis and immune responses in cancer models implies its broader role 
in modulating immune and apoptotic pathways across other pathological conditions, including DN.

NUDT4, a hydrolase that catalyzes the hydrolysis of inositol pyrophosphates, plays a role in signal transduction 
and cellular stress responses54. Given the pivotal role of cellular stress in DN pathogenesis, including oxidative 
stress, inflammation, autophagy, and apoptosis, NUDT4’s involvement in cellular stress regulation highlights its 
potential as a key modulator in other stress-related diseases.

Immune cell infiltration serves as a key mechanism in DN pathogenesis, particularly involving T lymphocytes 
and macrophages. For example, Treg cells are significantly elevated in affected tissues, where interleukin-10 
derived from Treg cells regulates macrophage chemokine expression and alleviates DN in humans. The observed 
correlation between CYFIP2 expression and Treg cell infiltration in DN suggests that CYFIP2 may play a broader 
role in modulating immune cell behavior in other diseases characterized by immune dysfunction. Reduced 
CYFIP2 expression significantly contributes to Treg cell infiltration in DN, suggesting that its regulatory role in 
immune cells may be relevant in other immune-mediated conditions.

Recent studies indicate that NK cell-mediated cytotoxic pathways are activated in human DN, contributing 
to DN progression19. The observed positive correlation between NUDT4 expression and resting NK cell levels 
in DN underscores its broader potential as a modulator of NK cell activity in diseases characterized by immune 
cell activation and cytotoxicity. This association suggests that NUDT4 may play a protective role by inhibiting 
NK cell activation, not only in DN but also in other conditions where NK cells contribute to disease progression. 
These findings emphasize the connection between m7G regulation and immune dysfunction, suggesting that 
CYFIP2 and NUDT4 may act as critical regulators in diseases involving immune dysfunction and stress-related 
pathways.

To further validate our findings, we compared the m7G-related gene signature to machine learning-based 
DN biomarker studies. The identified m7G-related gene signature aligns with key pathways involved in DN 
pathogenesis, further highlighting its translational value.

Validation of four key m7G regulatory genes
The biological functions of METTL1, CYFIP2, EIF3D, and NUDT4 are highly conserved across species and 
are expressed in both humans and mice. This evolutionary conservation enhances translational relevance, 
establishing mouse models as essential tools for validating disease-associated biomarkers. In line with previous 
studies that integrate machine learning to identify and validate key genes in animal models55,56, our study follows 
a rigorous approach to confirm the pathological significance of m7G-related biomarkers in diabetic nephropathy 
(DN).

To assess these biomarkers, we used a well-established streptozotocin (STZ)-induced DN mouse model 
that closely replicates key pathological features of human DN, such as hyperglycemia, albuminuria, and 
renal dysfunction57. This model is widely used in DN research and serves as a robust platform for biomarker 
validation58–60. Its capability to replicate human disease characteristics makes it a valuable model for studying 
molecular mechanisms and potential therapeutic targets.

Experimental validation demonstrated the pathological relevance of METTL1, CYFIP2, EIF3D, and NUDT4 
in DN. DN mice showed marked changes in fasting blood glucose, urinary albumin excretion, and renal function 
markers, such as increased serum creatinine and blood urea nitrogen levels, closely mimicking the human DN 
phenotype. Furthermore, histopathological analyses revealed glomerular and tubulointerstitial damage, while 
Western blot and immunohistochemical staining confirmed significant upregulation of these biomarkers in DN 
kidney tissues, consistent with computational predictions.

To validate these findings, we used independent human transcriptomic datasets, confirming the differential 
expression and clinical relevance of the identified biomarkers. By integrating bioinformatics, machine learning, 
in vivo validation, and external dataset analysis, our study provides a comprehensive framework for developing a 
clinically relevant diagnostic signature for DN, bridging computational predictions with experimental validation.

Limitations and future directions
Despite the promising findings, several limitations warrant further discussion. The reliance on a DN mouse 
model for experimental validation, while pragmatic, may limit the direct applicability of the findings to human 
patients. Additionally, the diagnostic model, developed based on three key genes (LUM, G6PC, and FOS) 
from m7G-related clusters, was validated using transcriptomic datasets but lacked experimental validation, 
which could impact its clinical accuracy. Finally, while the m7G scoring model effectively differentiated DN 
patients and linked them to specific immune microenvironment states, its clinical application requires further 
investigation. Future research should focus on validating the diagnostic signature in larger, multi-center cohorts 
and investigating its potential to guide therapeutic interventions. Integrating advanced experimental systems, 
such as human organoids or single-cell sequencing, could provide deeper insights into the roles of m7G 
regulatory factors in DN.
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Conclusion
This study highlights the diagnostic potential of m7G regulatory factors in DN, identifying METTL1, CYFIP2, 
EIF3D, and NUDT4 as key biomarkers. By integrating machine learning techniques with experimental validation, 
we developed an m7G scoring model that effectively differentiates DN patients and offers novel insights into 
disease pathogenesis. While limitations remain, our findings lay a foundation for future clinical applications and 
highlight the need for further research into m7G regulation in DN.

Data availability
The data used for bioinformatics analysis are openly available in the GEO databases. Below are the repositories 
and corresponding accession numbers: ​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​4​7​1​8​4, ​h​t​t​p​s​
:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​9​6​8​0​4, ​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​
c​c​=​G​S​E​1​0​4​9​4​8, ​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​1​0​4​9​5​4, ​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​
o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​3​0​5​2​8, ​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​9​9​3​2​5, ​h​t​t​p​s​:​​/​
/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​9​9​3​3​9, ​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​
c​c​=​G​S​E​7​3​9​5​3, ​h​t​t​p​s​:​​/​/​w​w​w​.​​n​c​b​i​.​n​​l​m​.​n​i​h​​.​g​o​v​/​​g​e​o​/​q​u​​e​r​y​/​a​c​​c​.​c​g​i​?​​a​c​c​=​G​S​E​9​3​7​9​8, ​h​t​t​p​s​:​​​/​​/​w​w​​w​.​n​c​b​​i​.​n​​l​m​.​n​​​i​h​.​​g​o​​v​
/​​g​e​o​​/​q​​u​e​r​y​​​/​a​c​​c​​.​c​g​​i​?​a​c​c​=​G​S​E​3​7​4​5​5. The datasets can be accessed and downloaded via the provided links. All 
data generated or analyzed during this study are included in the manuscript or supplementary information files.
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