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Background: Diabetic nephropathy (DN) is a severe complication of diabetes influenced by arginine methylation. This study aimed 
to elucidate the role of protein arginine methylation-related genes (PRMT-RGs) in DN and identify potential biomarkers.
Methods: Differentially expressed genes in two GEO datasets (GSE30122 and GSE104954) were integrated with 9 PRMT-RGs. 
Candidate genes were identified using WGCNA and differential expression analysis, then screened using support vector machine- 
recursive feature elimination and least absolute shrinkage and selection operator. Biomarkers were defined as genes with consistent 
differential expression across both datasets. Regulatory networks were constructed using the miRNet and Network Analyst databases. 
Gene set enrichment analysis was performed to identify the signaling pathways in which the biomarkers were enriched in DN. 
Different immune cells in DN were identified using immune infiltration analysis. Meanwhile, drug prediction and molecular docking 
identified potential DN therapies. Finally, qRT-PCR and immunohistochemistry validated two biomarkers in STZ-induced DN mice 
and DN patients.
Results: Two biomarkers (FAM98A and FAM13B) of DN were identified in this study. The molecular regulatory network revealed 
that FAM98A and FAM13B were co-regulated by 6 microRNAs and 1 transcription factor and were enriched in signaling pathways. 
Immune infiltration and correlation analyses revealed that FAM98A and FAM13B were involved in developing DN along with PRMT- 
RGs and immune cells. The expression levels of Fam98a and Fam13b were significantly upregulated in the kidneys of DN mice 
revealed by qRT-PCR analysis. The expression levels of FAM98A were significantly upregulated in the kidneys of DN patients 
revealed by immunohistochemistry staining. Molecular docking showed that estradiol and rotenone exerted potential therapeutic 
effects on DN by targeting FAM98A.
Conclusion: Comprehensive bioinformatics analysis revealed that FAM98A and FAM13B were potential DN biomarkers correlated 
with PRMT-RGs and immune cells. This study provided useful insights for elucidating the molecular mechanisms and developing 
targeted therapy for DN.
Keywords: diabetic nephropathy, protein arginine methylation-related genes, biomarkers, bioinformatics analysis

Introduction
The 10-year cumulative mortality rate of diabetic nephropathy (DN), which affects approximately one-third of 
patients with diabetes mellitus, is as high as 31.1%.1 The pathogenic mechanisms of DN are diverse and complex, 
encompassing hemodynamic alterations (such as imbalanced arteriolar resistance), metabolic factors leading to 
oxidative stress, disruptions in cellular signal transduction, transcription factors (TFs), and pro-inflammatory 
factors.2 These pathways induce apoptosis and podocyte loss and decrease the glomerular filtration rate (GFR), 
contributing to the onset and progression of DN. Clinically, DN is diagnosed based on renal biopsy, an invasive 
procedure. Currently, the major therapeutics for DN are renin-angiotensin-aldosterone system inhibitors.3 Various 
randomized clinical trials have demonstrated the cardiorenal benefits of drugs, such as sodium-glucose 
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cotransporter 2 inhibitors or mineralocorticoid receptor antagonist in patients with DN.4–8 However, the incidence 
of DN is increasing. This indicates that only pharmaceutical interventions may not yield favorable outcomes in 
DN. Although DN has been extensively studied, the underlying pathological mechanisms have not been elucidated. 
Further studies are needed to identify the biomarkers and elucidate the potential molecular mechanisms of DN, 
which will aid in the development of novel diagnostic and therapeutic strategies for DN.

Arginine, a basic α-amino acid residue, constitutes various proteins, including histones. Protein arginine 
methylation (PRMT) regulates several biological processes, including transcription, splicing, RNA biology, 
DNA damage response, and cell metabolism,9 which are dysregulated in kidney diseases. Several studies have 
indicated the role of PRMTs in kidney diseases, including renal fibrosis, acute kidney injury (AKI), and DN. 
PRMT1, which mainly promotes asymmetric arginine methylation of histone and nonhistone proteins, may 
mediate renal fibroblast activation and renal fibrosis development.10 In ischemia/reperfusion-induced AKI, the 
accumulation of asymmetric dimethylarginine, a metabolic product of PRMTs, activates oxidative stress, promot
ing tubular necrosis.11 The upregulation of PRMT1 levels in DN induces oxidative stress, apoptosis in mesangial 
cells, and diabetic kidney injury, whereas the knockdown of PRMT1 alleviates diabetic kidney injury.12,13 These 
findings indicate the critical role of PRMTs in the development and maintenance of DN.

Bioinformatics is characterized by large-scale, high-dimensional, and imbalanced data sets. Machine learning 
techniques have proven highly effective in data preprocessing and feature extraction, significantly improving data 
quality.14 These techniques have become crucial in various domains, including genomics, protein structure prediction, 
biological network analysis, drug discovery, and disease prediction and diagnosis, driving significant advances in the 
biological sciences.15–18 Hongdong Han et al employed advanced machine learning algorithms such as LASSO, 
random forest (RF), and support vector machine recursive feature elimination (SVM-RFE) to accurately identify 
PRKAR2B and TGFBI as critical biomarkers for diabetic nephropathy (DN).19 This work provides robust scientific 
evidence for the early diagnosis of DN and establishes a strong foundation for future research aimed at identifying 
therapeutic targets using bioinformatics and machine learning. It also paves the way for developing specific therapeutic 
strategies for DN, highlighting the substantial potential of bioinformatics and machine learning in precision medicine. 
This study focuses on utilizing advanced bioinformatics approaches to deeply investigate the molecular mechanisms of 
protein arginine methyltransferase-related genes (PRMT-RGs) in the pathogenesis of diabetic nephropathy (DN). We 
mined the GEO database to identify differentially expressed genes between DN and normal control groups and 
performed cross-comparisons with PRMT-RGs to pinpoint key candidate genes. Subsequently, we employed various 
machine learning algorithms to identify potential biomarkers and validated their expression patterns in a mouse DN 
model and DN patients. Furthermore, we utilized bioinformatics tools such as GO annotation, KEGG pathway 
analysis, protein-protein interaction network construction, and immune infiltration analysis to comprehensively 
elucidate the roles of these genes in the pathological processes of DN. Additionally, through potential drug prediction, 
this study aims to pave new avenues for DN treatment, thereby advancing the application and development of 
precision medicine in the DN field.

Materials and Methods
Data Sources
The GSE30122 and GSE104954 microarray expression datasets retrieved from the GEO database (https://www.ncbi.nlm.nih. 
gov/geo/) served as the training and validation datasets, respectively. The GSE30122 dataset comprised the data of renal 
tubule tissues from 10 patients with DN and 12 healthy subjects on the GPL570 platform.20 Meanwhile, the GSE104954 
dataset comprised the data of renal tubule tissues from 7 patients with DN and 18 healthy subjects on the GPL22945 
platform.21 The following nine PRMT-RGs were obtained from the published literature: PRMT1, PRMT2, PRMT3, CARM1 
(also called PRMT4), PRMT5, PRMT6, PRMT7, PRMT8, and PRMT9.22 The flow chart of this study is shown in Figure 1.
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Analysis of the Correlation Between PRMT-RGs
To explore the interactions between PRMT-RGs, the gene-gene interaction network (GGI) of PRMT-RGs was con
structed using the GeneMANIA network (http://www.genemania.org). The TOP 20 correlated genes were selected as the 
key nodes for displaying, and the TOP 7 significant pathways were presented. Furthermore, a heatmap was generated to 
illustrate the correlation between PRMT-RGs as determined using Spearman correlation coefficient.

Weighted Gene Co-Expression Network Analysis (WGCNA)
The PRMT-RG scores were calculated for each sample in the GSE30122 dataset using single-sample gene set enrichment 
analysis (ssGSEA). WGCNA was performed with PRMT-RG score as the trait data using the WGCNA package (version 
1.72–1).23 The hierarchical clustering analysis was implemented, and outlier samples were removed. Subsequently, the 
scale-free topology fit index of 0.8 was used to determine the most suitable soft threshold power. The power adjacent 
function of Pearson’s correlation matrix was used to transform filtered gene expression data into a topological overlap 
matrix (TOM). The TOM was transformed into a dissimilarity matrix from which a systematic clustering tree between 
genes was obtained. A dynamic shear tree was constructed with a minModuleSize of 100. To identify the modules 
associated with PRMT-RG scores, modules and PRMT-RG scores were subjected to Pearson’s correlation analysis. The 
correlation between modules and PRMT-RG scores was displayed as a heatmap. The module with the most significant 
correlation with PRMT-RG scores was selected as the key module.

DEG Identification
The “limma” (version 3.52.4)24 package was used to screen the DEGs between the DN and control groups in the training 
dataset based on the following criteria: adjusted p < 0.05; ∣log2fold change (log2FC)| > 1. The DEGs were visualized 
using volcano plots and heatmaps using the packages “ggplot2” (version 3.4.1)25 and “pheatmap” (version 2.14.0), 
respectively.26

Figure 1 The flow chart of this study.
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Enrichment Analysis of DEGs
DEGs were subjected to GO and KEGG enrichment analyses using the “clusterProfiler” (version 4.7.1) package27 to 
examine the biological functions and signaling pathways associated with the DEGs (adj p < 0.05). The results were 
visualized using the “GOplot” (version 1.0.2) package (p < 0.05).28

Identification of Candidate Genes
The DEGs were intersected with the key module genes of the key module using Venn diagram analysis. Next, feature 
genes were screened using the least absolute shrinkage and selection operator (LASSO) algorithm with the “Glmnet” 
(version 4.1.7) package29 and support vector machine-recursive feature elimination (SVM-RFE) algorithm with the 
“e1071” package (version 1.7–12).30 The overlapping genes in the two algorithms were identified as candidate genes.

Diagnostic Performance Evaluation and Validation of Candidate Genes
The receiver operating characteristic (ROC) curve, which is the most central index for medical diagnostic tests, enables 
the evaluation of predictive model performance. The diagnostic efficacy of the candidate genes in the training and 
validation datasets was evaluated using the “pROC” package (version 1.18.0).31 Intergroup difference analysis was 
performed to determine the expression patterns of the candidate genes in both training and validation datasets. Finally, 
the candidate genes that passed validation were considered biomarkers for DN in this study.

Construction and Evaluation of Nomogram
The contribution of biomarkers to DN pathogenesis was presented using a nomogram. In the training dataset, the 
construction of nomograms was performed using the “rms” package (version 6.7–0).32 Furthermore, the effectiveness of 
the nomogram was assessed using decision curve analysis (DCA).

Chromosomal Localization and Clinical Analysis of Biomarkers
To clarify the location of biomarkers on human chromosomes, the “RCircos” package (version 1.2.2)33 was used to 
visualize the distribution of biomarkers on chromosomes. The correlation between biomarker expression and clinical 
characteristics (GFR) was examined using the Nephroseq V5 database (http://v5.nephroseq.org).

Gene Set Enrichment Analysis (GSEA)
The “psych” package (version 2.2.9)34 was used to perform Spearman correlation analysis between the biomarkers and the 
genes in the training dataset. Subsequently, the genes were sorted according to the degree of correlation and subjected to 
GSEA using the “clusterProfiler” (version 4.7.1) package.27 The reference gene sets were “c2.cp.reactome.v7.0.symbols.gmt” 
and “c5.go.v7.4.symbols.gmt” from Molecular Signatures Database (https://www.gsea-msigdb.org/gsea/msigdb/). The 
KEGG pathways in which the biomarkers were enriched were analyzed (adj p < 0.05). The top 10 most significantly enriched 
pathways for biomarkers were displayed using the “enrichplot” (version 1.16.2) package.35

Analysis of Immune Cell Infiltration in DN
ssGSEA, which determines the enrichment scores for 28 immune cells, was used to determine the differential immune 
infiltration status between control and DN samples.36 Samples were filtered based on p < 0.05. A heatmap illustrating 
immunological infiltration in the samples was generated using the “corrplot” (version 0.92) package.37 Further, the 
correlation of biomarkers with PRMT-RGs and different immune cells was presented using heatmaps.38

Regulatory Network Construction and Targeted Drug Prediction
The miRNet web database (https://www.mirnet.ca) was used to identify potential biomarkers targeted by miRNAs. The 
miRNA-biomarker regulatory networks were visualized using Cytoscape. NetworkAnalyst online tool (https://www. 
networkanalyst.ca) was used to generate a gene regulation network for the TF-biomarker pair. Data on target TFs and 
genes were extracted from the ENCODE chromatin immunoprecipitation-sequencing data.
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Drug Prediction and Molecular Docking
Small-molecule drugs were identified using the biomarkers available at the Comparative Toxicogenomics Database (CTD) 
(http://ctdbase.org/). The networks depicting the interaction between biomarkers and drugs were visualized using Cytoscape 
(version 3.9.1). Docking of biomarkers and small-molecule drugs was performed to identify potential biomarker-targeting 
drugs. The three-dimensional structures of drugs and proteins were obtained from the PubChem (https://pubchem.ncbi.nlm. 
nih.gov/) and UniProt (https://www.uniprot.org/) databases, respectively. AutoDock Tools were applied to perform protein 
hydrogenation, charge calculation, and charge equilibrium. Docking of biomarkers and potential drugs was performed using 
AutoDock vina (version 1.5.7). The structure exhibiting the lowest binding free energy in the resulting output was selected. 
Finally, PyMol software (version 2.0) was used to visualize the docking results.39

Construction of the Mouse Model
C57BL/6 male and female mice were obtained from Weitong Lihua Limited Company (Beijing, China) and housed in 
standardized conditions with a 12-h light/dark cycle. The animals were allowed to acclimatize for one week and 
randomly divided into the following two groups: experimental group, intraperitoneally administered with streptozotocin 
(STZ) (Sigma, CAS No. 18883–66-4, USA) at a dose of 120 mg/kg bodyweight; control group, administered with an 
equivalent volume of citrate buffer (Solarbio, China). The animals were allowed to fast for 12 h before drug adminis
tration. The blood glucose levels of >11.1 mmol/L on day 3 post-injection suggested successful modeling. Additionally, 
the blood glucose levels were measured on day 6 post-treatment to confirm stable hyperglycemia.

Quantitative Real-Time Polymerase Chain Reaction (qRT-PCR)
Total mRNA was extracted from five DN samples and five control samples using TRIzol (Invitrogen, Thermofisher, 
USA), following the manufacturer’s instructions. The RNA samples were subjected to standard agarose gel electrophor
esis. The quantity and quality of RNA samples were determined using a NanoPhotometer N50 (Implen, Germany). RNA 
was reverse-transcribed into complementary DNA (cDNA) using the SureScript-First-strand-cDNA-synthesis-kit 
(Servicebio, China), following the manufacturer’s instructions. qRT-PCR analysis was performed using the 2× 
Universal Blue SYBR Green qPCR Master Mix (Servicebio, China) and the CFX Connect Real-Time Quantitative 
Fluorescence PCR Instrument (BIO-RAD, USA). The primer sequences used in qRT-PCR analysis are listed in Table 1. 
Gapdh was used as an endogenous control. The relative expression levels were determined using the 2−ΔΔCT method.40

Clinical Data Acquisition
All DN patients included in this study were admitted to the Department of Nephrology at Beijing Friendship Hospital and 
were diagnosed with DN through renal biopsy. The renal biopsies were conducted with each patient’s informed consent. 
As a control group, age-matched tissues from patients with non-diabetic minimal change disease (MCD) were simulta
neously collected. This study received approval from the Ethical Committee of Beijing Friendship Hospital (Ethics 
approval number: BFH20240528005/BFHHZS20240146).

Table 1 Details of RT-qPCR Primers

Primers Sequencing

FAM13B F AGTGACCACGGGGATAGTGA
FAM13B R CAGGAAACGGCTCTTCCCAT

FAM98A F GGCAACTAACAGTCCAAGCG

FAM98A R TTGAAAGACCTCACTACCGCC
M-GAPDH F CCTTCCGTGTTCCTACCCC

M-GAPDH R GCCCAAGATGCCCTTCAGT
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Immunohistochemistry (IHC) Staining
Immunohistochemistry staining was carried out on 4 µm thick paraffin-embedded kidney tissue sections. After deparaffini
zation, the fixed sections were microwaved for 20 minutes in sodium citrate buffer (pH 6.0) (Solarbio, China), followed by 
a 30-minute incubation with normal goat serum at room temperature. The sections were then treated with primary antibodies 
and left to incubate overnight at 4°C. The next day, the sections were brought back to room temperature and incubated with 
a secondary antibody (PV-9000, Zhongshan Goldenbridge, China) for 1 hour. Staining was then performed using the 
diaminobenzidine (DAB) reagent. Nuclei were counterstained with hematoxylin and washed to achieve a blue hue. 
Finally, the sections were mounted with neutral balsam. Images were captured using an Olympus CKX41 optical microscope 
(Japan). The primary antibodies used include Anti-FAM98A (PA5-90721, Invitrogen, USA).

Statistical Analysis
Statistical analysis was performed using R programming language (version 4.2.2). Categorical data were compared using 
the Wilcoxon test. Differences were considered significant at p < 0.05 unless specified otherwise.

Results
Expression Levels of PRMT1, PRMT2, PRMT3, CARM1, PRMT5, PRMT7 and PRMT8 
Were Correlated in the Training Set
The GGI network revealed that nine PRMT-RGs interacted with various genes, including HEMK1, METTL family-encoding 
genes, and ATPSCKMT, which co-regulated the methyltransferase activity (Figure 2A). Analysis of the correlation between 
PRMT-RGs demonstrated a significant positive correlation between the PRMT1 and PRMT2 expression levels (R = 0.643, 
p = 0.001) and a significant negative correlation between the PRMT8 and PRMT3 expression levels (R = −0.635, p = 0.001) 
(Figure 2B). As PRMT6 and PRMT9 were not included in the training set, the remaining seven PRMT-RGs (PRMT1, PRMT2, 
PRMT3, CARM1, PRMT5, PRMT7, and PRMT8) were used in the subsequent analyses.

Genes Associated with PRMT-RGs in DN
The enrichment scores of PRMT-RGs in the DN group were significantly higher than those in the control group. 
Therefore, the enrichment scores of PRMT-RGs were treated as traits for WGCNA (Figure 2C).

The data of all samples in the GSE30122 dataset were clustered, and no outliers were detected (Figure 2D). To ensure 
biologically meaningful scale-free topology, 17 was chosen as the minimal β value based on scale independence of > 0.8. 
(Figure 2E and F). In total, 15 co-expression modules were identified based on Pearson correlation analysis (Figure 2G). The pink 
module (R = −0.650, p = 0.001) comprising 643 genes exhibited the highest correlation with PRMT-RG scores (Figure 2H).

DEGs Were Strongly Associated with Immune-Related Functions and Cell Adhesion
The data of the DN and control groups were subjected to differential gene analysis. In the training set, 716 DEGs (622 
upregulated genes and 94 downregulated genes) were identified (Figure 3A and B).

Biological functions and signaling pathways of the DEGs were analyzed using GO and KEGG enrichment analyses. GO 
analysis revealed that 716 DEGs were enriched in 970 GO items (adj.p < 0.05) (Supplementary Table 1), which were related to 
positive regulation of cell-cell adhesion, positive regulation of cell adhesion, leukocyte-mediated immunity, positive regula
tion of T cell activation, and positive regulation of leukocyte cell-cell adhesion (Figure 3C). Meanwhile, the DEGs were 
enriched in 48 KEGG signaling pathways (adj.p < 0.05) (Supplementary Table 2), including the phagosome, viral myocardi
tis, cell adhesion molecule, tuberculosis, and leishmaniasis pathways (Figure 3D).

FAM13B, FAM98A, HPS5, PLBD1, and TGFBR3 Served as Candidate Genes
The number of intersection genes among 716 DEGs and 643 module genes was 15 (Figure 4A). Further, the 5 feature genes 
(FAM13B, FAM98A, HPS5, PLBD1, and TGFBR3) were selected using LASSO analysis after minimizing the model error 
(λ = 0.1) (Figure 4B and C). Subsequently, the SVM-RFE model was constructed for the training dataset to screen the feature 
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Figure 2 Correlation analysis between protein arginine methylation-related genes (PRMT-RGs). (A) Gene-gene interaction (GGI) network of PRMT-RGs. (B) Spearman 
correlation coefficient analysis of PRMT-RGs. (C). The differential enrichment scores of PRMT-RGs between the diabetic nephropathy (DN) and control groups. (D) Sample 
dendrogram and trait heatmap (the branches represent samples, while the vertical axis represents the height of hierarchical clustering). (E and F). A scale-free topological 
model determines the optimal β value. β = 17 was selected as the soft threshold based on average connectivity and scale Independence. (G) Hierarchical clustering 
dendrogram of module identifiers. The color-coded rows below the dendrogram indicate module assignments determined by dynamic tree cuts. (H) A graph of the 
correlation between the module genes and PRMT-RGs. Rows and columns correspond to module eigengenes and traits, respectively.
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genes. At the minimum error (Error rate = 0.0817), 11 feature genes were identified (Figure 4D). The feature genes obtained using 
LASSO analysis were intersected with those obtained using SVM-RFE analysis to obtain 5 candidate genes (Figure 4E).

Enhanced Diagnostic Efficacy of FAM13B and FAM98A for DN
The diagnostic efficacy of the 5 candidate genes was evaluated using the ROC curve in the training and validation datasets. The 
area under the curve (AUC) values for FAM13B, FAM98A, HPS5, PLBD1, and TGFBR3 in the training dataset were 0.958, 0.967, 
0.933, 0.983, and 0.958, respectively, while those in the validation set were 0.921, 0.921, 0.675, 0.675, and 0.976, respectively. 
Therefore, FAM13B, FAM98A, and TGFBR3 exhibited a good diagnostic efficacy for DN (AUC > 0.7) (Figure 5A and B). 
Differential expression analysis revealed that FAM13B, FAM98A, and TGFBR3 were differentially expressed. In particular, 
FAM13B and FAM98A were significantly upregulated in the validation and training datasets. Consequently, FAM13B and FAM98A 
were identified as potential biomarkers for DN (Figure 5C and D). The nomogram demonstrated the contribution of FAM13B and 
FAM98A to the incidence of DN. DCA suggested the enhanced benefit and clinical utility of the nomogram (Figure 5E and F).

Figure 3 Identification and enrichment analysis of differentially expressed genes (DEGs). (A) Volcano plot of DEGs in the diabetic nephropathy (DN) dataset. (B). Heatmap 
of DEGs in the DN dataset. (C) Gene Ontology (GO) enrichment: the size of the squares represents the number of genes enriched, while the color indicates the significance 
level. (D) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment: the size of the circles represents the number of included genes.
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FAM13B and FAM98A were Mainly Enriched in Sensory Perception and 
Modification-Dependent Macromolecule Catabolic Process
GSEA revealed that genes related to FAM13B and FAM98A were mainly enriched in sensory perception, modification- 
dependent macromolecule catabolic process, ion channel complex, G-protein-coupled receptor activity, neuroactive 
ligand-receptor interaction, and olfactory transduction signaling pathways (Figure 6A–H).

Figure 4 Identification of candidate genes for diabetic nephropathy (DN) using least absolute shrinkage and selection operator (LASSO) and support vector machine- 
recursive feature elimination (SVM-RFE) machine learning methods. (A) Venn diagram: In total, 15 candidate genes were obtained after intersecting the 716 differentially 
expressed genes (DEGs) with the 643 module genes. (B and C) The LASSO logistic regression algorithm was used to identify five candidate genes of DN. (D) The SVM-RFE 
model was employed to identify 11 feature genes. (E) Venn diagram: Five target genes were obtained after intersecting genes obtained from SVM-RFE with those obtained 
from LASSO analyses.
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Figure 5 Diagnostic nomogram model construction and efficacy assessment. (A and B) Receiver operating characteristic (ROC) profiles of five candidate genes between 
the control and diabetic nephropathy (DN) groups in the training set GSE30122 (A) and the validation set GSE104954 (B). (C and D) The expression levels of three 
candidate biomarkers in the training set GSE30122 (C) and the validation set GSE104954 (D). (E) The construction of the nomogram model based on FAM13B and FAM98A. 
***p < 0.001; ****p < 0.0001. (F) Decision curve analysis (DCA) of the nomogram model.
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Th17 Cells are Involved in DN Pathogenesis
The infiltration status of 28 immune cells in the control and DN groups was illustrated using heatmaps (Figure 7A). Compared 
with that in the control group, the proportion of 14 immune cells was markedly altered in the DN group. Meanwhile, compared 
with those in the control group, the proportions of activated CD4 T cells, central memory CD4 T cells, effector memory CD4 
T cells, effector memory CD8 T cells, immature B cells, and plasmacytoid were significantly upregulated and the proportions of 
type 17 T helper cell (Th17 cell) were downregulated in the DN group (Figure 7B). Analysis of the correlation between 
biomarkers and different immune cells revealed that FAM13B expression was positively correlated with effector memory CD4 

Figure 6 Gene set enrichment analysis (GSEA) of signaling pathways in which FAM13B and FAM98A are enriched. (A, C, E, and G). The enrichment analysis of FAM13B. (B, D, F, 
and H). The enrichment analysis of FAM98A.

Diabetes, Metabolic Syndrome and Obesity 2024:17                                                                          https://doi.org/10.2147/DMSO.S472412                                                                                                                                                                                                                       

DovePress                                                                                                                       
3409

Dovepress                                                                                                                                                            Guan et al

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

https://www.dovepress.com
https://www.dovepress.com


T cell proportion (R = 0.828). In contrast, FAM98A expression was significantly and negatively correlated with Th17 cell 
proportion (R = −0.575). (Figure 7C). Meanwhile, analysis of the correlation between biomarkers and PRMT-RGs revealed that 
FAM98A expression was significantly and positively correlated with PRMT3 expression (R = 0.824) but was significantly and 
negatively correlated with PRMT8 expression (R = −0.764) (Figure 7D).

FAM13B Expression is Negatively Correlated with GFR in DN
FAM13B and FAM98A were located on chromosomes 5 and 2 of the human genome, respectively (Figure 8A). 
Additionally, FAM13B expression was negatively correlated with GFR in DN (Cor = −0.731, p = 0.039) (Figure 8B).

FAM98A and FAM13B are Co-Regulated by Related Molecules
The biomarker-miRNA regulatory network predicted that 61 and 63 miRNAs target FAM98A and FAM13B, respectively. Of 
these, FAM98A and FAM13B were co-regulated by 6 miRNAs (hsa-mir-224-5p, hsa-mir-200b-3p, hsa-mir-124-3p, hsa-mir-1-3p, 
hsa-mir-218-5p, and hsa-mir-136-5p) (Figure 9A and B). The TF-biomarker regulatory network indicated that FAM98A and 
FAM13B were regulated by 17 and 14 TFs, respectively. TGIF2 regulated both FAM98A and FAM13B (Figure 9C).

Figure 7 Immune infiltration analysis. (A) Heatmap depicting the infiltration pattern of immune cells. (B) The differential immune cell enrichment scores between the 
control and diabetic nephropathy (DN) groups were analyzed using the Wilcoxon rank-sum test. (C) Heatmap depicting the correlation between biomarkers and 
differentially enriched immune cells. (D) Heatmap illustrating the correlation between biomarkers and protein arginine methylation-related genes (PRMT-RGs). *p < 0.05; 
**p < 0.01; ***p < 0.001; ****p < 0.0001.
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Estradiol and Rotenone are Potential Therapeutics for DN
The biomarker-drug network predicted that 40 and 35 drugs target FAM98A and FAM13B, respectively. Of these, seven 
drugs (ICG 001, estradiol, bisphenol A, rotenone, sodium arsenite, 1.2-dimethylhydrazine, and 7.8-dihydro- 
7,8-dihydroxybenzo(a)pyrene 9.10-oxide) targeted both FAM98A and FAM13B (Figure 9D). FAM98A exhibited favor
able docking affinities with estradiol (binding energy = −5.24 kcal/mol) and rotenone (binding energy = −5.36 kcal/mol) 
(Table 2). Estradiol and amino acids (ARG-301, ARG-287, and SER-282) could bind to FAM98A through hydrogen 
bonds. In contrast, FAM98A did not interact with rotenone through hydrogen bonds but through hydrophobic interac
tions, π-π stacking, cation-π, or other non-hydrogen bonding interactions (Figure 9E and F).

Validation of Biomarker Expression in the DN Mouse Model
To validate the expression of biomarkers in biological samples, a DN mouse model was constructed. The successful 
establishment of the model was confirmed by monitoring blood glucose levels, body weight changes, and kidney 
tissue staining with MASSON and PAS methods (Supplementary Tables 3, 4 and Supplementary Figure 1). qRT-PCR 
analysis revealed that the expression levels of Fam98a and Fam13b were significantly upregulated in the experi
mental group (Figure 10A and B). These findings were consistent with those of GSE30122 and GSE104954 dataset 
analyses.

FAM98A Expression Elevated in the Renal Tubular Epithelial Cells of DN Patients
To further validate the expression of the FAM98A protein in biological samples, we collected kidney paraffin-embedded 
tissue sections from patients undergoing renal biopsy at our center. Immunohistochemical staining revealed that 
FAM98A is primarily expressed in human renal tubular epithelial cells, and its expression is significantly increased in 
DN patients compared to patients with MCD (Figure 10C). These findings also were consistent with those of GSE30122 
and GSE104954 dataset analyses.

Figure 8 Chromosomal localization and clinical analysis of FAM98A and FAM13B. (A) Chromosomal localization: FAM13B is located on the fifth chromosome of the human 
genome, while FAM98A is located on the second chromosome. (B) Correlation between FAM13B expression and glomerular filtration rate (GFR).
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Discussion
Previous studies have reported that PRMTs are involved in the development and maintenance of DN. However, the 
regulatory mechanisms or the potential biomarkers of DN have not been elucidated. This study used a combination of 
differential expression analysis and diverse machine learning approaches to identify two biomarkers of DN (FAM13B and 
FAM98A). Comprehensive bioinformatics analysis and validation using mouse kidney samples revealed that FAM13B and 
FAM98A exhibited a robust diagnostic performance for DN. FAM13B and FAM98A were significantly correlated with 
PRMT3, PRMT8, effector memory CD4 T cells, and Th17 cells, contributing to the onset and progression of DN. 
Additionally, a regulatory network for the biomarkers was constructed, which enhanced our understanding of the 
molecular mechanisms underlying DN. Finally, drugs targeting the biomarkers were predicted, offering potential 
therapeutic options for the clinical management of DN.

The following five candidate genes were identified in this study: FAM13B, FAM98A, HPS5, PLBD1, and TGFBR. 
Li et al used RNA sequencing and miRNA sequencing technologies and demonstrated that HPS5 was downregulated in 
the liver of the STZ/high-fat diet-induced diabetes rat model. Additionally, the alleviation of hepatic oxidative damage 
upregulates HPS5 expression, restoring the balance of glucose and lipid metabolism and recovering liver function.41 This 
suggests that HPS5 facilitates the progression of diabetes in the liver. However, the role of HPS5 in improving cellular 

Figure 9 Regulatory networks and drug predictions for FAM98A and FAM13B. (A) Visualization of the mRNA-miRNA regulatory network associated with FAM98A and 
FAM13B. (B) Venn diagram of miRNAs predicted using two biomarkers. (C) Transcription factor (TF) regulatory network. (D) Drug interaction network of FAM98A and 
FAM13B. The blue and yellow nodes represent drugs that target FAM98A and FAM13B, respectively, while the purple nodes represent drugs that target both FAM98A and 
FAM13B. (E) The structural foundation for the binding of estradiol and amino acids. ARG-301, ARG-287, and SER-282 in FAM98A can form hydrogen bonds with estradiol. 
(F) No hydrogen bond formation was observed between FAM98A and letrozole.
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lipid metabolism in renal tubular epithelial cells and consequently alleviating DN has not been investigated. Among the 
five candidate genes, TGFBR3 is critical for diagnosing glomerular lesions in DN.42 Meanwhile, clinical evidence 
suggests that inflammation is a key etiological factor in DN.43–47 TGFBR3 specifically binds to transforming growth 

Table 2 Binding Energy of Biomarker Binding to Targeted Drugs

Biomarkers Targeted Drugs Compound CID Binding Energy (kcal/mol)

FAM98A Bisphenol A 6623 −4.31
7,8-Dihydro-7,8-dihydroxybenzo(a)pyrene 9.10-oxide 41233 −4.93

Estradiol 5757 −5.24

ICG 001 11,238,147 −3.93
Rotenone 6758 −5.36

FAM13B Bisphenol A 6623 −3.88

7,8-Dihydro-7,8-dihydroxybenzo(a)pyrene 9.10-oxide 41233 −4.83
Estradiol 5757 −4.93

ICG 001 11,238,147 −3.3
Rotenone 6758 −4.86

Abbreviations: DN, diabetic nephropathy; PRMT-RGs, protein arginine methylation-related genes; TFs, transcription factors; GFR, glomerular 
filtration rate; PRMT, protein arginine methylation; AKI, acute kidney injury; DEGs, differential expressed genes; GEO, Gene Expression Omnibus; 
GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; GGI, Gene-gene interaction network; WGCNA, weighted gene 
co-expression network analysis; ssGSEA, single sample Gene Set Enrichment Analysis; TOM, topological overlap matrix; LASSO, least absolute 
shrinkage and selection operator; SVM-RFE, support vector machine-recursive feature elimination; ROC, receiver operating characteristic; DCA, 
decision curve analysis; GSEA, gene set enrichment analysis; CTD, Comparative Toxicogenomics Database; STZ, streptozotocin; qRT-PCR, 
quantitative real-time polymerase chain reaction; cDNA, complementary DNA; AUC, area under curve; Th17 cell, type 17 T helper cell; TGF-β, 
transforming growth factor-β; TNF-α, tumor necrosis factor-α; IL-1β, interleukin-1β; NF-κB, nuclear factor-κB; ERS, endoplasmic reticulum stress.

Figure 10 Validation of the expression patterns of FAM13B and FAM98A. (A) Quantitative real-time polymerase chain reaction (qRT-PCR) analysis revealed that the mRNA 
levels of Fam13b are upregulated in diabetic nephropathy (DN). (B) qRT-PCR analysis revealed that the mRNA levels of Fam98a are upregulated in DN. *p < 0.05; **p < 0.01. 
(C) IHC illustrations and quantitative results of FAM98A in the kidneys of patients with MCD and patients with DN. ***p < 0.001.
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factor-β (TGF-β), inducing the polarization of Th1 cells to M1 macrophages, which secrete tumor necrosis factor-α 
(TNF-α), interleukin-1β (IL-1β), and IL-12 to promote the inflammatory response of Th1 cells. In DN, the number of Th1 
cells increases around the proximal tubular epithelial cells. Further, TNF-α induces hormone transcription and promotes 
inflammation and cell apoptosis through nuclear factor-κB (NF-κB) signal transduction.48,49 PLBD1, a phospholipase 
mainly expressed in the bone marrow, is expressed in the kidneys.50 Additionally, PLBD1 functions as a lipid mediator 
and induces inflammation. The upregulation of PLBD1 exacerbates heart failure after myocardial infarction, indicating 
that PLBD1 expression may represent a general inflammatory signal.51 However, the role of PLBD1 in DN has not been 
reported. This study used SVM-RFE and LASSO analyses to demonstrate that PLBD1 is a key gene involved in DN 
pathogenesis. The underlying molecular mechanism of PLBD1 may involve the induction of inflammation, leading to the 
development of DN. These findings suggest that HPS5, PLBD1, and TGFBR are potential diagnostic genes for DN.

In this study, five genes identified from the training and validation sets were subjected to ROC curve analysis. 
FAM13B, FAM98A, and TGFBR3 exhibited strong diagnostic ability (AUC values > 0.7). The expression levels of 
FAM98A and FAM13B were upregulated in the DN group. qRT-PCR analysis confirmed the upregulation of Fam98a and 
Fam13b in the kidneys of DN mice, which was consistent with the results of bioinformatics analysis. These findings 
suggest that FAM98A and FAM13B have diagnostic values in DN. Thus, FAM98A and FAM13B were considered 
biomarkers for DN.

The roles of FAM98A and FAM13B in the kidney and DN pathogenesis are unclear. Akter et al first identified FAM98A 
as a substrate for PRMT1 using mass spectrometry. The C-terminus of proteins contains multiple RGG/RG motifs, which 
can be recognized by PRMT1, promoting direct arginine methylation.52 Additionally, Prmt1 is upregulated in the kidneys 
of DN mice,53 exerting regulatory effects through the induction of oxidative stress, inflammation, and endoplasmic 
reticulum stress (ERS). In the STZ-induced DN rat model, Prmt1 expression is upregulated. The suppression of Prmt1 
upregulation effectively improved the histopathological changes in the kidneys of diabetic rats.54 This study performed 
Spearman correlation analysis to examine the correlation of FAM13B and FAM98A with PRMT-RGs and demonstrated 
that FAM98A and FAM13B were positively correlated with PRMT3. This suggests that both FAM98A and FAM13B are 
potential substrates for PRMT3, which is a novel discovery. In the invasive micropapillary carcinoma model, PRMT3 
regulates the ERS signaling pathway by promoting the arginine methylation of substrates.55 Additionally, PRMT3 is 
involved in activating ERS and mediating cisplatin-induced ototoxicity processes.56 However, the post-translational 
modifications and folding of proteins typically occur in the endoplasmic reticulum and Golgi apparatus.57 In this process, 
vesicular transport from the endoplasmic reticulum to the Golgi membrane plays a crucial role. GSEA revealed that 
FAM98A was positively associated with Golgi vesicle transport and proteasomal-mediated ubiquitin-dependent protein 
catabolic process. In the term cellular components, both FAM98A and FAM13B were positively correlated with Golgi 
membrane and endoplasmic reticulum to Golgi transport vesicle membrane. The results of this study and previous studies 
suggest that the overexpression of FAM98A, a substrate of PRMT1 in DN renal tubular epithelial cells, may lead to 
accelerated cell death by inducing ERS through PRMT1-mediated arginine methylation, resulting in kidney damage. 
Further in vivo and in vitro experiments to elucidate the underlying mechanisms are currently in the planning stages.

Inflammation and immunity play crucial roles in the pathogenesis of DN. Preclinical studies have demonstrated the 
roles of inflammation and immunity in the pathogenesis of DN and the progression of renal damage.58,59 Previous studies 
have identified the presence of effector memory CD4 T cells in the urine of patients with DN.60 However, the infiltration 
status of effector memory CD4 T cells in the kidneys in DN has not been previously elucidated. This study identified two 
biomarkers. ssGSEA revealed the infiltration of effector memory CD4 T cells in the kidneys of patients with DN. 
FAM13B and FAM98A exhibited the strongest positive correlation with effector memory CD4 T cells. This indicates that 
the upregulation of FAM98A and FAM13B is critical for the inflammation and damage mediated by effector memory CD4 
T cells in DN. Further experimental studies are needed to understand the specific contributions of CD4 T cells to the 
pathophysiology of DN.

This study demonstrates innovation in research methodology by successfully identifying biomarkers for DN through the 
use of public databases and bioinformatics techniques. Importantly, this study did not limit analysis to the theoretical level but 
also conducted experimental validation using animal and patient samples to confirm the existence and functionality of these 
biomarkers, thereby ensuring the reliability and practicality of the findings. Additionally, this study offers new insights into the 
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pathogenesis of DN by thoroughly examining the correlation between two key biomarkers—arginine methyltransferase and 
immune cells. Finally, the study predicted potential drugs targeting these biomarkers, which may provide new avenues for 
developing molecular-targeted therapy strategies for DN. In conclusion, this study not only offers novel perspectives on the 
diagnosis and clinical treatment of DN but also showcases unique innovation in both research methodology and the 
application of results. However, this study has not yet fully elucidated the molecular mechanisms underlying the biomarkers 
of diabetic nephropathy (DN), and it is crucial to validate these findings using a larger number of biological samples from DN 
patients. To address this, we plan to design and conduct more complex in vitro and in vivo validation experiments. In the 
future, we will thoroughly investigate the specificity, sensitivity, and clinical applicability of the newly identified biomarkers 
FAM98A and FAM13B, with the aim of advancing early diagnosis and intervention for DN. Additionally, we intend to first 
explore the regulatory effects of potential pharmacological compounds on FAM98A and FAM13B through in vitro studies, 
followed by assessing their impact on the progression of DN in animal models. Moreover, we will expand our research scope 
to explore the association of these biomarkers with other pathophysiological mechanisms of DN and actively search for new 
therapeutic targets.

Conclusion
This study performed comprehensive bioinformatics analysis to identify 5 DEGs in DN (FAM13B, FAM98A, HPS5, 
PLBD1, and TGFBR). ROC curve analysis and expression validation in two databases revealed that FAM98A and 
FAM13B serve as biomarkers with an AUC value of > 0.9 and exhibit consistent expression patterns. Further studies 
revealed that these biomarkers were correlated with PRMT3, PRMT8, effector memory CD4 T cell, and Th17 cell, 
contributing to DN onset and progression. qRT-PCR analysis revealed that the expression levels of Fam98a and Fam13b 
were significantly upregulated in the kidneys of DN mice. Additionally, the CTD database was used to predict potential 
drugs that target FAM98A and FAM13B, offering novel therapeutic modalities for DN.
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