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Diabetic nephropathy (DN) is one of the common chronic complications of diabetes with unclear molecular mechanisms, which is associated with end-stage renal disease (ESRD) and chronic kidney disease (CKD). Our study intended to construct a competing endogenous RNA (ceRNA) network via bioinformatics analysis to determine the potential molecular mechanisms of DN pathogenesis. The microarray datasets (GSE30122 and GSE30529) were downloaded from the Gene Expression Omnibus database to find differentially expressed genes (DEGs). GSE51674 and GSE155188 datasets were used to identified the differentially expressed microRNAs (miRNAs) and long non-coding RNAs (lncRNAs), respectively. The DEGs between normal and DN renal tissues were performed using the Linear Models for Microarray (limma) package. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were performed to reveal the mechanisms of DEGs in the progression of DN. The protein–protein interactions (PPI) of DEGs were carried out by STRING database. The lncRNA–miRNA–messenger RNA (mRNA) ceRNA network was constructed and visualized via Cytoscape on the basis of the interaction generated through the miRDB and TargetScan databases. A total of 94 significantly upregulated and 14 downregulated mRNAs, 31 upregulated and 121 downregulated miRNAs, and nine upregulated and 81 downregulated lncRNAs were identified. GO and KEGG pathways enriched in several functions and expression pathways, such as inflammatory response, immune response, identical protein binding, nuclear factor kappa b (NF-κB) signaling pathway, and PI3K-Akt signaling pathway. Based on the analysis of the ceRNA network, five differentially expressed lncRNAs (DElncRNAs) (SNHG6, KCNMB2-AS1, LINC00520, DANCR, and PCAT6), five DEmiRNAs (miR-130b-5p, miR-326, miR-374a-3p, miR-577, and miR-944), and five DEmRNAs (PTPRC, CD53, IRF8, IL10RA, and LAPTM5) were demonstrated to be related to the pathogenesis of DN. The hub genes were validated by using receiver operating characteristic curve (ROC) and real-time PCR (RT-PCR). Our research identified hub genes related to the potential mechanism of DN and provided new lncRNA–miRNA–mRNA ceRNA network that contributed to diagnostic and potential therapeutic targets for DN.
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Introduction

Diabetic nephropathy (DN) is the most common and serious microvascular complication of diabetes mellitus (DM); the main pathological features are characterized by hyperglycemia, hypertension, and hyperlipidemia (1, 2). Along with the increasing incidence of diabetes, approximately 60%–70% of patients with diabetes developed DN in recent years. Due to lack of thorough and effective treatment, DN is becoming the major cause of renal dysfunction and leads to end-stage of renal disease (ESRD) (3). Despite the many factors that may induce DN, such as obesity, genetics, and environment, the overall molecular mechanisms are still vague. Thus, investigating the mechanisms of DN is prominent in identifying and screening diagnostic biomarkers of the occurrence and development of DN.

Non-coding RNA (ncRNA) is commonly employed for RNAs that do not encode protein, including microRNA (miRNA), long non-coding RNA (lncRNA), circular RNA (circRNA), and PIWI-interacting RNA (piRNA), which are considered as key regulators of gene expression in various diseases and systems (4, 5). As vital players in diverse aspects of biological functions, ncRNAs work with other biomolecules, containing gene activation and silencing, RNA splicing, modification and editing, and protein translation. Over the past decade, RNA-sequencing technologies and comprehensive bioinformatics methods have been greatly promoted, which contributes to the revelation of their essential roles in diabetes and its metabolic syndrome, especially in DN.

Significantly, there is an increasing body of evidence indicating that ncRNAs can act as competing endogenous RNAs (ceRNAs) and play a critical role in the molecular mechanisms of DN. Previous studies have demonstrated that NEAT1/miR-93-5p/CXCL8 and LINC00960/miR-1237-3p/MMP-2 might be potential RNA regulatory pathways to regulate the disease progression of DN (6, 7). Further investigations have illustrated that circ_0037128/miR-17-3p/AKT3 axis significantly negatively regulated cell proliferation and fibrosis in DN pathogenesis (8). Although there is an increasing number of studies showing that lncRNAs in the ceRNA regulate target mRNA expression by competing for shared miRNAs to alleviate the DN, the specific molecular mechanism remains to be poorly understood. Accordingly, the aim of this study was to construct ceRNA networks to identify novel biomarkers and pathogenesis by bioinformatics analysis that will serve as potential diagnosis and therapeutic target for DN. The flow chart is shown in Figure 1.




Figure 1 | Research flow chart.





Materials and Methods


Microarray Data Collection

The microarray data of the mRNA, miRNA, and lncRNA expression profiles associated with DN were obtained from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/) database of National Center for Biotechnology Information (NCBI) (9). The following screening criteria were used: “diabetic nephropathy,” “Homo sapiens,” and “expression profiling by array.” Eventually, mRNA datasets GSE30122 and GSE30529 met the requirement of the above conditions. In addition, miRNA dataset GSE51674 and lncRNA dataset GSE155188 were identified for further research. Based on all the above datasets, a total of 26 model (DN) and 34 control samples were screened in this research (Table 1). The samples were collected from multiple platforms, including Affymetrix Human Genome U133A 2.0 Array, Agilent-029297 Human miRNA Microarray v14 Rev.2, and Agilent-045997 Arraystar human lncRNA microarray V3.


Table 1 | The microarray dataset information.





Identification of DEGs

The DEGs in the control and DN renal tissues were screened using the limma package in the R software (version 4.0.5), with |log2FC| >1 and p < 0.05 considered significant. Subsequently, the overlap DEGs among the mRNA microarray datasets GSE30122 and GSE30529 were visualized using Venn diagram via ImageGP online platform (www.ehbio.com/Cloud_Platform/front/). Additionally, the volcano map was visualized by the R software, which displayed the differential expression data.



Enrichment Analysis of DEGs

The Gene Ontology (GO) database is a comprehensive and widely used database, which stores extensive information of gene sets including biological process (BP), molecular function (MF), and cell component (CC), and the annotations of genes (10). Kyoto Encyclopedia of Genes and Genomes (KEGG) is an encyclopedia of genomes, which provides abundant genomic information and enriched biological pathways (11). The GO functional annotation and KEGG pathway enrichment involved in DEGs were performed through the online tool DAVID (https://david.ncifcrf.gov/home.jsp). p < 0.05 and gene count ≥2 were regarded as a screening threshold.



PPI Network Construction and Module Analysis

The PPI network of overlapping DEGs was established based on the Search Tool for the Retrieval of Interacting Genes (STRING, http://string-db.org) database to retrieve the functional interactions among the expressed genes (12). A combined score >0.4 was considered as having a significant interaction. Meanwhile, the analyzed results were imported into the Cytoscape software for integration and visualization (13). The gene clusters were identified via MCODE plugin, with degree cutoff = 2, node score cutoff = 0.2, and k-core=2 as filter criteria (14).



Prediction of Target miRNAs

The differentially expressed miRNAs (DEmiRNAs) were identified from the GSE51674 dataset, with |log2FC| >1 and p < 0.05 as the cutoff criteria. Meanwhile, the volcano plot and heatmap were established to visualize the DEmiRNAs by the R package. Additionally, the downstream target gene prediction was performed by the TargetScan and miRDB databases, and then, the intersection with the DEmiRNAs were taken to obtain candidate miRNAs (15, 16). The mRNA–miRNA network was constructed through the relationship between mRNAs and miRNAs and visualized via the Cytoscape.



Identification of Hub DEGs

The CytoHubba plugin was installed in the Cytoscape software, which was used to screen hub DEGs in the PPI network (17). The hubba values of each DEGs were calculated by the topological algorithms in the CytoHubba plugin. The top 10 genes were selected as hub DEGs.



Construction of ceRNA Networks

The GSE155188 dataset with |log2FC| >1.5 and p < 0.05 was used to identify the differentially expressed lncRNAs (DElncRNAs). The online database LnaACTdb (http://bio-bigdata.hrbmu.edu.cn/LncACTdb/index.html) and LncTarD (http://bio-bigdata.hrbmu.edu.cn/LncTarD/index.jsp) were used to predict the interactions between lncRNAs and miRNAs. These obtained miRNAs were intersected with the above candidate miRNAs to acquire the final miRNAs. Furthermore, the lncRNAs and mRNAs corresponding to the final miRNAs were selected, respectively. The ceRNA network was constructed by Cytoscape based on the interactions among them.



Cell Culture

The podocytes of mouse were purchased from Yubo Biotechnology (Shanghai, China) and cultured in Roswell Park Memorial Institute (RPMI) 1640 medium (Hyclone, Logan, UT, USA) containing 5.5 mM glucose, 10% fetal bovine serum (FBS; Thermo Scientific), 100 U/ml penicillin, and 100 µg/ml streptomycin (Solarbio, Beijing, China) at 37°C, 95% humidity, and 5% CO2. Controls were cultured in normal medium containing 5.5 mM glucose. Meanwhile, the cells were pretreated with 30 mM high glucose (HG) for 24 h to establish HG-induced podocyte model.



RT-PCR Validation of Hub Genes

Total RNA was isolated by TRIzol reagent (Thermo Fisher Scientific) in accordance with the manufacturer’s instructions. The isolated RNA was reverse transcribed into cDNA by M-MuLV First-Strand cDNA Synthesis Kit (Sangon Biotech, Shanghai, China). Subsequently, quantitative real-time PCR was performed using the iTaq Universal SYBR Green Supermix kit (Bio-Rad, USA) and an ABI 7500 PCR system (ABI, USA). The relative expression of hub genes was normalized to glyceraldehyde 3-phosphate dehydrogenase (GAPDH) and determined using the 2−ΔΔCt method. The primer sequences are listed in Supplementary Table S1.



Statistics Analysis

The SPSS 20.0 was used for statistical analysis. GraphPad Prism 8 and R software (version 4.0.5) were used to construct statistical graphs. The Student’s t-test was conducted to analyze the differences between the two groups. A p-value of <0.05 was considered as statistically significant.




Results


Identification of DEGs

After normalizing the microarray datasets, we identified 444 DEGs in GSE30122. It contained 120 upregulated and 324 downregulated genes (Supplementary Table S2). Similarly, in GSE30529, 470 DEGs were screened, of which 372 were upregulated and 98 were downregulated genes (Supplementary Table S3). The DEmRNAs between the two groups were shown in volcano plots (Figures 2A, B). After intersecting the two datasets, 94 upregulated and 14 downregulated mRNAs were screened out. The analysis results were visualized by a Venn diagram (Figures 2C, D).




Figure 2 | Differently expressed mRNAs in DN. (A) GSE30122. (B) GSE30529. Red and blue dots represent up- and downregulated genes, and gray dots represent no differential expression genes. (C) Coexpression of upregulated genes. (D) Coexpression of downregulated genes.





GO and KEGG Pathway Analysis

GO function and KEGG pathway enrichment analyses of DEGs were performed by the DAVID online software. GO enrichment analysis was performed on the DEGs functions, consisting of biological process (BP), molecular function (MF), and cell component (CC). In the GO enrichment results, the DEGs in BP were mainly enriched in inflammatory response, immune response, complement activation, positive regulation of T-cell proliferation, extracellular matrix organization, etc. The MF analysis revealed that the DEGs were significantly involved in identical protein binding, receptor binding, signaling receptor activity, transmembrane signaling receptor activity, chemokine activity, etc. As for CC, the DEGs were mainly focused on extracellular region, extracellular space, cell surface, blood microparticle, plasma membrane, basement membrane, etc. The top 10 remarkably enriched GO terms are listed in Figure 3A. Additionally, KEGG pathway analysis results were displayed in complement and coagulation cascades, NF-κB signaling pathway, PI3K-Akt signaling pathway, ECM–receptor interaction, primary immunodeficiency, cytokine–cytokine receptor interaction, etc. The top 20 KEGG pathways are shown in Figure 3B.




Figure 3 | Enrichment analysis of the DEGs. (A) The top 10 enriched GO analysis results. (B) The top 20 KEGG pathways results. The size of the spots indicates the number of genes, and the color indicates the p-value.





PPI Network and Gene Cluster Analysis

A PPI network was established based on the DEGs with a combined score >0.4 for visualization by Cytoscape. A total of 93 DEGs from 108 coexpressed DEGs were contained into the network, which contained 93 nodes and 435 edges (Figure 4A). Furthermore, 15 DEGs were discarded because they did not interact with others. In addition, four gene clusters were distinguished through the MCODE analysis (Figures 4B–E); the scores were 12.870, 4.667, 3.333, and 3.000, respectively.




Figure 4 | PPI network analysis and gene cluster identification. (A) PPI network of DEGs. (B–E) Four modules extracted from the PPI network. The node represents the genes; the edge represents the relationship between them.





Hub Gene Identification

CytoHubba plugin was applied to explore the hub genes in the PPI network. The top 10 hub genes were identified by intersecting the results from the 11 algorithms of CytoHubba including Closeness, EcCentricity, Radiality, BottleNeck, Stress Betweenness, and Degree (Figure 5). Among them, a detailed information of these hub genes is shown in Table 2.




Figure 5 | Screening of hub genes.




Table 2 | The top 10 hub genes identified and their information.





Identification of Differentially Expressed miRNAs

In all, 10 samples and 887 miRNAs from the GSE51674 dataset were identified. Volcano plots were plotted through the R package, with |log2FC| > 2 and p < 0.05. Finally, 31 upregulated and 121 downregulated DEmiRNAs were screened out (Figure 6A). The top 50 differential genes were selected, and a heatmap was constructed to visualize the differential expression data (Figures 6B).




Figure 6 | Differentially expressed miRNA in DN. (A) Red dots indicate upregulation, blue dots indicate downregulation, and gray dots indicate no differential expression. (B) Red represents upregulation, and blue represents downregulation.





Construction of mRNA–miRNA Network

Meanwhile, TargetScan and miRDB databases were utilized to further predict the target miRNAs of hub genes. Then, the intersection with the DEmiRNAs was taken by Venn diagrams (Figure 7A). Subsequently, a total of 87 miRNAs were detected, and a visualized mRNA–miRNA network was established by Cytoscape (Figure 7B).




Figure 7 | The mRNA–miRNA network was constructed. (A) Screening of co-expressed miRNAs. (B) miRNA–mRNA regulatory network of hub genes. Green and red indicate mRNA and miRNA, respectively.





Identification of Differentially Expressed LncRNAs

We applied |log2FC| > 1.5, p < 0.05 as the standard to analyze lncRNA dataset from the GSE155188. Subsequently, 93 DElncRNAs were identified, including nine upregulated and 81 downregulated genes. The “pheatmap” and “ggplot2” R packages were used to draw heatmap and volcanos of the DElncRNAs (Figures 8A, B).




Figure 8 | Differentially expressed lncRNA in DN. (A) Red dots represent upregulation, blue dots represent downregulation, and gray dots represent no differential expression. (B) Red represents upregulation, and blue represents downregulation.





Construction of ceRNA Network

We used the online database LnaACTdb and LncTarD to predict the miRNAs that interact with the selected lncRNAs. Meanwhile, 17 lncRNAs were screened from the 90 DElncRNAs (Table 3), corresponding to 74 miRNAs. Eventually, 74 miRNAs were intersected with the above 87 coexpressed miRNAs; then, five miRNAs were selected, and five corresponding mRNAs were identified. Subsequently, the ceRNA network was constructed and illustrated by Cytoscape. This network contained five lncRNAs, five miRNAs, and five mRNAs (Figure 9). According to the ceRNA hypothesis, we will integrate to understand the complex regulatory relationship between the lncRNAs, miRNAs, and mRNAs in DN.


Table 3 | The 17 lncRNAs identified and their information.






Figure 9 | The lncRNA–miRNA–mRNA ceRNA network in DN. The nodes colored in yellow, red, and green represent lncRNAs, miRNAs, and mRNAs, respectively.





Validation of Hub Genes

To validate the bioinformatics analysis results, the receiver operating characteristic curve (ROC) was plotted and the area under the curve (AUC) was calculated to distinguish DN from controls (Figure 10A). The diagnostic values of these hub genes are follows: PTPRC (AUC, 0.891), CD53 (AUC, 0.962), IRF8 (AUC, 0.933), IL10RA (AUC, 0.838) and LAPTM5 (AUC, 0.949). In addition, RT-PCR assay was used to investigate the expression of the five hub genes. As shown in Figure 10B, the relative expression of PTPRC, CD53, IRF8, IL10RA, and LAPTM5 was also significantly upregulated in the HG-induced podocyte models compared to that in controls.




Figure 10 | Validation of hub genes. (A) ROC curve of the hub genes in GEO datasets. (B) The relative expression of hub genes was detected by RT-PCR. *p < 0.05, **p < 0.01.






Discussion

The prevalence of T2DM has been growing dramatically worldwide in recent years. DN is one of the serious complications of T2DM, which has become the primary cause of ESRD (18). The glomerular hypertrophy and glomerular and tubular basement membrane thickening played a vital role in the pathogenesis of DN (19, 20). Nevertheless, owing to the complexity of its etiology, the molecular mechanisms of DN is still poorly understood. Hence, it is imperative to explore the new potential biomarkers for the treatment and diagnosis of DN.

In this study, the comprehensive bioinformatics methods were adopted to identify differentially expressed genes in DN and control samples. A total of 108 DEGs were screened, of which 94 were upregulated and 14 were downregulated genes. GO analysis revealed that the biological functions of DEGs were mainly involved in identical protein binding, receptor binding, signaling receptor activity, transmembrane signaling receptor activity, and chemokine activity. The KEGG pathway analysis results were significantly enriched in complement and coagulation cascades, NF-κB signaling pathway, PI3K-Akt signaling pathway, and ECM–receptor interaction. It was also revealed that immune and inflammatory responses were also involved in the occurrence and development of DN. In addition, CytoHubba plugin analysis revealed that 10 hub genes were identified from the PPI network. Further analysis demonstrated that PTPRC, CD53, IRF8, IL10RA, and LAPTM5 perhaps have the essential functions in molecular mechanisms of DN.

PTPRC, also known as CD45, expressed on nucleated cells of the hematopoietic system, is an essential regulator of B- and T-cell receptor signaling (21, 22). In recent years, many studies have reported that CD45 had promoted the development of diabetes and its metabolic syndrome. Studies have confirmed that the expression of PTPRC was related to β-cell function in DM, which directly influenced insulin secretion and glycemic control (23). Our results indicated that a higher expression of PTPRC was closely related to DN. Therefore, we speculated that the enhancement of PTPRC expression caused the impairment of insulin secretion and sensitivity, thus aggravating the DN symptom.

CD53 is a member of the tetraspanin family that regulates key processes in immune cells (24, 25). In particular, it plays an essential role in cytokine regulation and interaction between natural killer cells and antigen-presenting cells (26). However, its contribution in the setting of DN has not been fully elucidated. Indeed, prior studies have indicated that inflammation and immune cell infiltration are increasingly recognized as central to the disease progression in DN patients (27, 28). In this study, we showed that CD53 expression is minimal in control samples, in which the lack in CD53 has significantly decreased the risk of hyperglycemia, proteinuria, and inflammatory response.

IRF8, as an interferon (IFN) regulatory factor, is crucial in the development of dendritic cells. The research indicated that dendritic cells could promote the presentation of autoantigen and activation of diabetogenic T cells, which plays vital roles in insulin secretion and regulation of hyperglycemia function (29). In diabetic mice, inhibited microglial activation and inflammatory response will regulate the expressions of IRF8, eventually leading to the improvement of diabetic retinopathy (30). Actually, diabetic patients with low IRF8 transcriptional activity have lower levels of blood glucose and blood lipid and high insulin content. This is consistent with our study in which we found that IRF8 expression was overexpressed in DN compared to the control groups.

IL10RA, as receptor of IL10, is also associated with the immune and inflammatory responses (31). Similarly, LAPTM5, a lysosomal membrane protein, is preferentially expressed in immune and hematopoietic cells (32). There are powerful results suggesting that it may play a vital role for the immunological aspects in etiologies of DN. Hyperglycemia easily triggers an inflammatory response, which indirectly promotes the expression of IL10RA and aggravates DN. In addition, the latest research demonstrated that LAPTM5, which is increased in obese patients, may be a hub target for obesity treatment (33). Coincidently, we found that LAPTM5 was upregulated in DN samples and downregulated in the control group. Hence, we hypothesized that inactivation of LAPTM5 may contribute to the treatment of diabetes and its complications.

Furthermore, a ceRNA network about target miRNAs and lncRNAs of their mRNAs, namely, PTPRC, CD53, IRF8, IL10RA, and LAPTM5, was constructed based on the interactions. Previous studies have shown that downregulation of miR-130b-5p could significantly reduce atherosclerosis, prevent insulin resistance, and alleviate diabetes symptoms (34, 35). Meanwhile, regulating miR-326 may decrease the expression of HbAc1, which participates in the pathogenesis of DN process (36). The silencing of miR-326 was also demonstrated to induce proliferation and reduce apoptosis in high-glucose-induced renal tubular epithelial cells in DN (37). Moreover, miR-374a-3p may regulate acute kidney injury by targeting TLR4/NF-κB pathway to reduce the rate of apoptosis and the generation of inflammatory cytokines (38). Most studies suggested that miR-577 and miR-944 are more commonly expressed in cancers, such as ovarian cancer (39), gastric cancer (40), and colorectal cancer (41), and little is known regarding in T2DM. Nevertheless, recent studies have shown that these genes also participate in fasting glucose control in diabetes via activating Akt signaling pathways and increasing insulin secretion (42, 43).

In addition, lncRNA SNHG6, LINC00520, PCAT6, KCNMB2-AS1, and DANCR, serving as ceRNAs, have been reported to be regulated in multiple cancers. Beyond all expectations, our findings declared a novel underlying molecular mechanism of SNHG6/miR-944, LINC00520/miR-577, PCAT6/miR-326 DANCR/miR-577, and KCNMB2-AS1/miR-374a-3p signaling axis in promoting DN progression, which indicates that these genes may serve as a therapeutic target of DN. However, further experiments are required to validate their effects and mechanisms to support the hypothesis.

Taken together, we identified five hub genes, namely, PTPRC, CD53, IRF8, IL10RA, and LAPTM5, as potential biomarkers for the diagnosis and treatment of DN and revealed the mechanism of DN at the transcriptome level. In addition, we propose that SNHG6-miR-944-PTPRC/LAPTM5, LINC00520/DANCR-miR-577-PTPRC/IRF8, PCAT6-miR-326-LAPTM5/IRF8/IL10RA/CD53, KCNMB2-AS1-miR-374a-3p/LAPTM/CD53, and KCNMB2-AS1-miR-130b-5p-PTPRC are potential ceRNA regulatory pathways that are involved in the regulation of DN.
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