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Background

There is a growing public concern about diabetic kidney disease (DKD), which poses a severe threat to human health and life. It is important to discover noninvasive and sensitive immune-associated biomarkers that can be used to predict DKD development. ScRNA-seq and transcriptome sequencing were performed here to identify cell types and key genes associated with DKD.





Methods

Here, this study conducted the analysis through five microarray datasets of DKD (GSE131882, GSE1009, GSE30528, GSE96804, and GSE104948) from gene expression omnibus (GEO). We performed single-cell RNA sequencing analysis (GSE131882) by using CellMarker and CellPhoneDB on public datasets to identify the specific cell types and cell-cell interaction networks related to DKD. DEGs were identified from four datasets (GSE1009, GSE30528, GSE96804, and GSE104948). The regulatory relationship between DKD-related characters and genes was evaluated by using WGCNA analysis. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) datasets were applied to define the enrichment of each term. Subsequently, immune cell infiltration between DKD and the control group was identified by using the “pheatmap” package, and the connection Matrix between the core genes and immune cell or function was illuminated through the “corrplot” package. Furthermore, RcisTarget and GSEA were conducted on public datasets for the analysis of the regulation relationship of key genes and it revealed the correlation between 3 key genes and top the 20 genetic factors involved in DKD. Finally, the expression of key genes between patients with 35 DKD and 35 healthy controls were examined by ELISA, and the relationship between the development of DKD rate and hub gene plasma levels was assessed in a cohort of 35 DKD patients. In addition, we carried out immunohistochemistry and western blot to verify the expression of three key genes in the kidney tissue samples we obtained.





Results

There were 8 cell types between DKD and the control group, and the number of connections between macrophages and other cells was higher than that of the other seven cell groups. We identified 356 different expression genes (DEGs) from the RNA-seq, which are enriched in urogenital system development, kidney development, platelet alpha granule, and glycosaminoglycan binding pathways. And WGCNA was conducted to construct 13 gene modules. The highest correlations module is related to the regulation of cell adhesion, positive regulation of locomotion, PI3K-Akt, gamma response, epithelial-mesenchymal transition, and E2F target signaling pathway. Then we overlapped the DEGs, WGCNA, and scRNA-seq, SLIT3, PDE1A and CFH were screened as the closely related genes to DKD. In addition, the findings of immunological infiltration revealed a remarkable positive link between T cells gamma delta, Macrophages M2, resting mast cells, and the three critical genes SLIT3, PDE1A, and CFH. Neutrophils were considerably negatively connected with the three key genes. Comparatively to healthy controls, DKD patients showed high levels of SLIT3, PDE1A, and CFH. Despite this, higher SLIT3, PDE1A, and CFH were associated with an end point rate based on a median follow-up of 2.6 years. And with the gradual deterioration of DKD, the expression of SLIT3, PDE1A, and CFH gradually increased.





Conclusions

The 3 immune-associated genes could be used as diagnostic markers and therapeutic targets of DKD. Additionally, we found new pathogenic mechanisms associated with immune cells in DKD, which might lead to therapeutic targets against these cells.
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1 Introduction

Type I or II diabetes can cause diabetic kidney disease (DKD), which is regarded as a microvascular complication that poses a grave threat to human health. Over fifty percent of individuals with end-stage renal disease (ESRD) caused by DKD who are getting renal replacement therapy (RRT) in the majority of nations are affected by diabetes (1). Because of improved diabetes management, there has been a decline in the incidence of DKD over the past 30 years. However, the risk of renal failure remains high(2–5). According to a previous study, about 30% of people with type 1 diabetes and 40% of people with type 2 diabetes turn up microvascular complications (1, 6). DKD occurs in families across various populations, suggesting a genetic predisposition (7, 8). For this reason, it is essential to get a more in-depth knowledge of the pathophysiology of DKD so that novel therapeutic techniques may be developed to stop, halt, and even reverse the progression of DKD. DKD, as a multifactorial illness, includes a complicated interaction of hemodynamic and metabolic variables, such as hyperglycemia, renin-angiotensin-aldosterone system activation, and advanced glycation end-products (9). DKD can be predicted with low sensitivity and specificity by microalbuminuria, which is a biomarker of early diabetes (10). The presence of micro/macro-albuminuria is not always related to DKD. Many diabetic patients have decreased renal function when considerable proteinuria is absent (11). Moreover, DKD is still diagnosed with renal biopsy (12). However, it is an invasive procedure associated with complications such as infection and hemorrhage (13). Additionally, it is impossible to proceed continuously as the kidney disease progresses, and sampling errors are highly likely. Hence, in order to predict DKD development, it is essential to investigate noninvasive and sensitive immune-associated biomarkers.

As a result of the “bulk” RNA-seq analyses performed over the last 20 years, we now have a better understanding of the transcriptional landscape of kidneys, which only describes the average transcriptome in bulk renal tissue or even in high-resolution compartmentalized kidneys though highly informative, therefore masking or skewing the signals of the transcriptome (14–16). It is possible to determine particular disease-causal cells and genes by Single-cell RNA sequencing(scRNA-seq), which cooperates with the definition of cell types and the status of gene expression in given cells. Recent years have significantly improved scRNA-seq’s sensitivity, accuracy, and efficiency (17). ScRNA-seq offers advantages over RNA-seq, including dissecting heterogeneity within cell populations and identifying rare cells related to the disease by using the single-cell profiles in mixed-cell populations(18). It is found that there are dynamic changes in gene expression of experimental diabetic kidney diseases by scRNA-seq of glomerular cells (19). Xi Lu et al. identified the role of immune cells and their marker genes as related key pathophysiologic items in DKD development by scRNA-seq (20). When compared to DEGs, WGCNA is a systems biology to investigate correlations between genes across microarray samples. A weighted gene co-expression network could be displayed with WGCNA, identifying module-related genes and exploring the relationship between genes and phenotypes. Disease-related genes could be identified through rational analysis of these modules (21). It was uncovered that there are six DKD-related candidate targets by WGCNA and DEG analysis of DKD datasets in the study of Chen J et al. (22). Herein, we combined three methods containing scRNA-seq, DEG, and WGCNA to identify candidate DKD-related gene targets regulators. By studying the mechanism of DKD development and identifying potential therapeutic targets, we aimed to advance our understanding of the disease.




2 Materials and methods



2.1 Data acquisition

National Center for Biotechnology Information (NCBI) creates and maintains GENE EXPRESSION OMNIBUS (GEO) database (https://www.ncbi.nlm.nih.gov/geo/info/datasets.html), which is a gene expression database. Data from international research institutions has been submitted to the database since 2000. Data from microarrays, next-generation sequencing, and other high-throughput sequencing experiments are stored in the GEO database. We gained GSE131882 from the GEO public database Series Matrix data file in NCBI, of which annotation platform is GPL24676. scRNA analysis was conducted through 6 copies (Control=3, DKD=3) of DKD-related data with complete expression profiles downloaded. Meanwhile, we download the Series Matrix File data file of GSE1009 from the GEO public database, the ontology platform is GPL8300, and 6 copies (Control=3, DKD=3) of DKD-related data with complete expression profiles were downloaded for this analysis. The Series Matrix File data file of GSE30528 was obtained from the GEO public database in NCBI, and the annotation platform is GPL571, and 22 (Control=13, DKD=9) DKD-related data with complete expression profiles were download for this analysis. The Series Matrix File data file of GSE96804 was gained from the GEO public database in NCBI, the annotation platform is GPL17586, and 61 (Control=20, DKD=41) DKD-related data with complete expression profiles were download for this analysis. The Series Matrix File data file of GSE104948 was obtained with the same method, the annotation platform is -GPL22945, and 25 (Control=18, DKD=7) DKD-related data with complete expression profiles were downloaded for this analysis. The Series Matrix File data file of GSE104948 could be gotten from the same public database web, the annotation platform is GPL24120, and 8 (Control=3, DKD=5) DKD-related data with complete expression profiles were downloaded for this analysis. The workflow of this study is shown in Figure 1.




Figure 1 | Workflow of this study.






2.2 Single cell analysis

In this analysis, the exon, inex and intron results of each sample were taken as a single sample to get an expression matrix of 373942 cells * 15398 features. We set the parameters min.cells=3 and min.features=50 to read in the expression spectrum, and got a single cell object of 111,360 cells. The low-expression cells of this object were screened by nFeature_RNA > 50 & percent.mt < 5, and finally a single cell object with 15398 features of 110544 cells was obtained. The data were standardized by NormalizeData function, and the 10 genes with the highest standardized variance were marked. ScaleData and RunPCA are used in turn to standardize the data and PCA analysis, in which the parameter npcs = 20 is set in PCA analysis. Then, the best PC value of this analysis is selected by ElbowPlot and JackStraw results. Selecting the best PC value of 15 and getting the Cluster and tSNE values through FindNeighbors, FindClusters and RunTSNE in turn. Setting the parameter min.PCT = 0.25 to get the unique markers gene of each Cluster through FindAllMarkers, and selected the top 10 gene expression levels of avg_log2FC in each Cluster for heat map display. At last, we annotated the Cluster cell subtypes by SingleR with ImmGenData as the annotation ref file and label.main as labels, and counted the number of cell sample contained in each subtype. FindAllMarkers method was used to obtain the differential genes of each cell subtype for further analysis.




2.3 Ligand-receptor interaction analysis

CellPhoneDB is an open acquired database of curated receptors, ligands and their interactions. Both ligands and receptors contain subunit structures that accurately represent heteromeric complexes. The ligand-receptor database of CellPhoneDB is integrated with UniProt, Ensembl, PDB, IUPHAR, etc., and stores a total of 978 proteins, which can comprehensively and systematically analyze the communication molecules between cells and study the mutual communication and communication between different cell types. By calling the statistical analysis of the software package CellphoneDB, a significant analysis of the ligand-receptor relationship of the features in the single-cell expression profile was performed. The cluster labels of all cells were set to be randomized 1000 times to determine the mean of the mean expression levels of receptors and ligands in the clusters or interacting clusters. This yields a null distribution (also known as Bernoulli, two-point distribution) for each receptor-ligand pair in each pair comparison between the two cell types. Finally, some interesting ligand-receptor pairs were selected for the display of relational pairs.




2.4 WGCNA analysis

We conduct a weighted network to identify co-expressed gene modules, the core genes of a network, and the connection between genes and phenotypes. Furthermore, WGCNA-R package was applied to build the co-expression networks of genes in the gene set, In this analysis, soft threshold power value was determined for constructing a scale-free topology network. More specifically, We used the “sft$powerEstimate” function to perform the analysis of the network topology and got the relevant values corresponding to the alternative soft thresholds(shown on Figure 2B). We set the height to 0.9, and the minimum candidate threshold to reach this height is 4. Therefore, we chose a soft threshold of 4.




Figure 2 | A coexpression module has been constructed by analyzing WGCNA and Metascape functional enrichment scores for MEblue genes. (A) Clustering of module hub genes in a hierarchical manner that summarizes the modules that were identified in the clustering analysis. (B) The scale independence plot, mean connectivity plot, and scale-free topology plots, 4 was an appropriate soft-power. (C) The cluster dendrogram shows the modules that make up the co-expression network. (D) Analysis of connection of the modules with immune scores. (E) GO and KEGG analysis of the model genes. (F) Differential pathway enrichment between DKD and control.



Based on the weighted adjacency matrix, the topological overlap matrix (TOM) was constructed to perform communication network, and creating the clustering tree structure of the TOM matrix was done by applying hierarchical clustering. Each branch of the cluster tree represents a divers gene module, and each color displays a different gene module. Each gene is classified into modules on the basis of the weighted correlation coefficient, and genes with similar expression patterns are grouped together. The gene expression patterns of thousands of genes divide them into variety modules.




2.5 Gene function enrichment analysis

Analyzing and visualizing the Metascape database (www.metascape.org) allowed us to get the biological functions and signal pathways related to disease occurrence and development. We combined Gene Ontology (GO) analysis with Kyoto Encyclopedia of Genomes (KEGG) analysis to explore specific genes. Min overlap≥3 & p ≤ 0.01 is regarded as statistical significance. In addition, clusterProfiler was used to annotate the function of the key genes in order to identify their functional relevance. It was determined that pathways enriched with both p- and q-values below 0.05 within GO and KEGG were significant.




2.6 Immune cell infiltration analysis

RNA-Seq data from DKD patients and healthy controls were analyzed using the CIBERSORT algorithm in order to determine the percentage of immune infiltrating cells in each group, and perform spearman connection analysis about immune cells and gene expression.




2.7 GSEA analysis

A GSEA analysis compares gene expression levels in two types of samples based on a predetermined set of genes, and ranks these genes based on the level of different expression, the predefined gene set is tested to see if it is enriched near the top or bottom of the sequence in the further study. GSEA was utilized in this work to compare the variations in the KEGG signaling pathway between the high and low expression groups, and investigate the molecular mechanisms of the key genes in the two groups based on 1000 substitutions and phenotypic substitutions.




2.8 Gene Set Variation Analysis (GSVA)

Transcriptome sequencing enrichment can be evaluated using gene set variation analysis (GSVA), which is a non-parametric and unsupervised approach. As GSVA scores the genes of interest comprehensively, pathway-level changes are converted into gene-level changes, and study the biological function. The sample of gene sets was obtained from the molecular signature database (v7.0), and a comprehensive score would be assigned to each gene set to determine whether biological function has changed between samples using the GSVA algorithm.




2.9 Enrichment of transcription factors motifs related to the key genes

This study used the R package “RcisTarget” to predict transcription factors. All calculations performed by RcisTarget were based on motifs. The normalized enrichment score (NES) for motifs depended on the motifs amount in the database. In addition, the motifs annotated by annotation files, which were inferred further based on motif similarity and gene sequence. The first step in estimating the overexpression of each motif on a gene set was to compute the area under the curve (AUC) of the motif-motif set pair. This was calculated from the recovery curves of the gene sets for motif ordering. The NES for each motif was estimated according to the AUC distribution of all motifs in the gene set. The rcistarget.hg19.motifdb.cisbpont.500bp was used for the Gene-motif rankings database.




2.10 The clinical prospective cohort design and sample collection

We recruited 35 patients with DKD and 35 healthy controls between 2019 and 2021 at the People’s Hospital of the Xinjiang Uygur Autonomous Region. In a cohort of 35 patients with DKD, All patients met the following diagnostic criteria:(1)Patients aged ≥30 years who underwent clinical kidney biopsy;(2)patients had a pathological diagnosis with DKD as the only kidney disease diagnosis;(3)patients who had an eGFR ≥60 mL/min/1.73 m2. The outcome of interest was development of DKD defined as a composite of new onset ESKD (dialysis, kidney transplantation or death from renal cause), a doubling of serum creatinine or a decrease of eGFR by ≥50%. The occurrence of DKD development was ascertained by the medical records (23). Based on 2.6-year median follow-up data, key genes were examined in relation to DKD development. Patient informed consent was obtained, and the study was approved by an institutional ethical committee at the People’s Hospital of Xinjiang Uygur Autonomous Region(Number KY 2019062614). Blood samples were collected after subjects fasted for at least 12 hours before blood was drawn. Information from relevant medical records was recorded and coded. The participants provided a blood sample of 3 mL, which was collected in Eppendorf tubes without anticoagulants and allowed to stand for one hour at 4°C. The supernatant containing the serum proteins was aliquoted into 0.5 mL aliquots and kept at 80°C in a refrigerator for future use after centrifugation at 3000 rpm at 4°C for 15 minutes (24). At the same time, we obtained the renal tissue samples of these participants, which were obtained by percutaneous renal puncture. The remaining samples after clinical diagnosis were kept for our research.




2.11 ELISA Validation

The collection of kidney tissue samples followed conventional hospital protocol.

Samples of kidney tissue were kept at -80°C. The levels of SLIT3, PDE1A, and CFH were measured using an enzyme linked immunosorbent assay method in accordance with the manufacturer’s instructions (Keweinuo Systems, Inc., Xiuyuan, Jiangsu, China, the batch numbers are: KWN-162079, ZY-PDE1A-Hu and JL11886).For the quantitative measurement of SLIT3,PDE1A, and CFH concentrations, the manufacturer-recommended quantitative sandwich enzyme immunoassay method was used. On a microplate, a monoclonal antibody specific for SLIT3, PDE1A, and CFH were coated beforehand. Pipetted into the wells were standards and samples, and any SLIT3, PDE1A, and CFH present was bound by the immobilized antibody. After removing any unattached compounds, an anti-SLIT3, anti-PDE1A and anti-CFH enzyme-linked polyclonal antibody were applied to the wells. After removing any unbound antibody-enzyme reagent with a wash, a substrate solution was added to the wells, and color developed in proportion to the quantity of SLIT3, PDE1A, and CFH bounds in the first stage. The color development was halted, and the color’s intensity was assessed. The standards of recombinant human SLIT3, PDE1A, and CFH were measured to create a standard curve. Results were reported in mg/L units (25).




2.12 Immunohistochemistry (IHC)

After signing the consent of participants, the right lower renal pole renal biopsy was performed under the guidance of ultrasound. Take the prone position, after anaesthetizeing participants. Taking the No.20 puncture trocar, and pierced the skin along the local anesthesia point, and gradually penetrated into the renal capsule under the detection of ultrasound, carefully broke through the renal capsule, and instructed the patient to hold his breath, pulled the trigger, and pulled out the needle. Using the remaining samples after diagnosis, fixed them overnight, dehydrated them with 30% sucrose for one day (or the samples sank to the bottom), and sliced them immediately. Then we cleaned the cut slides with TBS, and stored in TBS for 4 degrees for a short time and incubated with 1 ml of 0.5% Triton X-100 for 1 hour subsequently. Our samples were sealed with serum at RT, pH7.4 for 2h. Tissue sections were incubated overnight at 4 °C with rabbit monoclonal antibodies against SLIT3 (1:200), PDE1A (1:500) and CFH (1:2000) (Keweinuo Systems, Inc., Xiuyuan, Jiangsu, China; the batch numbers are: abx317205, abs138818 and abx124187). After rewarming at room temperature for 30 minutes, the slices were washed with PBS for at least 3 times. Then it was incubated with goat anti-rabbit immunoglobulin G (IgG) (1:2000) for 20 minutes at 37 °C, followed by three times PBS washes. The chips were dyed with hematoxylin (PT001, Zhenjiang Xiuyuan Biotechnology Co., Ltd., Zhenjiang, China) for 1 minute, then turned blue in 1% ammonia water and washed with water. After dehydration with ethanol series, the slices were washed in xylene and sealed with neutral glue. We performed quantitative analysis of IHC results using imageJ software, a free software developed by the NIH that is widely used in biomedical applications.




2.13 Western blot

Kidney tissues were added into 1 mL cell lysis solution for cell lysis. protein sample was mixed with 10% SDS gel loading buffer at 4 °C for 4 minutes, and boiled at 100 °C for 10 minutes. After that, protein was separated by electrophoresis and transferred to nitrocellulose membrane. After being blocked overnight with 5% skim milk at 4 °C, the membrane was mixed with rabbit anti-SLIT3(1∶2000), anti-PDE1A(1∶1000), anti-CFH(1∶2000) and GAPDH(1∶10) (Keweinuo Systems, Inc., Xiuyuan, Jiangsu, China; the batch numbers are: abx317205, abs138818,abx124187 and H00002597-PW2), and then with goat anti-rabbit IgG labeled with horseradish peroxidase (1:10,000) at 37 °C. After washing with PBS buffer for 3 times at room temperature for 10 minutes each time, the film was immersed in the enhanced chemiluminescence reaction solution for 5 minutes at room temperature and exposed to GAPDH as the internal reference. The ratio of the gray value of the target band to the gray value of the internal reference band was regarded as the relative expression level of protein.




2.14 Statistical analysis

In this analysis, R language (version 4.0) was used. A compared t-test was used to determine whether there was a statistical difference between the normalized expressions of the genes screened. ANOVA was used to explain the differences between different groups of IHC score. Using the Kaplan-Meier method, DKD development curves for different genes expression levels were generated using graphpad (version 9.0), and log-rank tests were used to compare them. During the median follow-up time of 2.6 years from diagnosis to endpoint, we investigated the influence of hub gene expression levels on kidney function development among DKD patients. It was regarded statistically remarkable at p<0.05 in all tests that were two-sided. Spearman method was used to study the linear relationship between protein expression for ELISA and IHC score.





3 Results



3.1 Preprocessing of single-cell expression profiling data

In this analysis, the expression profile was used to include 6 samples, including 3 healthy kidney tissue samples and 3 kidney tissue samples from patients with DKD, and the expression level of a total of 111,360 cells was detected (Figures S1A, S1B). Feature expression profiles of 110,544 cells with number of the features of RNA more than 50 and percent.mt below 5 in the expression profile were selected and included for subsequent analysis. The level of gene set was displayed and the top 10 genes were marked (Figure S1C).




3.2 Single-cell sample subtype clustering analysis

PCA dimensionality reduction analysis was performed and it was found that they have different score values ​​in different dimensions (Figures 3A, B). However, PCA dimensionality reduction analysis between samples revealed that the overall differences between samples were not significant (Figure S2). The optimal number of pcs was observed by ElbowPlot: 15 (Figure 3C), and finally 29 subtypes were obtained by TSNE (Figure 3D). We found a large number of genes with significant differences in expression levels between these subtypes. Last but not least, we showed the expression levels of 10 genes that differed the most between subtypes (Figure 3E).




Figure 3 | Cluster analysis of single cell sample subtypes. (A) Reduced maintenance number of main genes of PC1, PC2, PC3 and PC4. (B) The scores of cell genes on PC1, PC2, PC3 and PC4. (C) Elbowplot for identifying the optimal PCs. (D) TSNE dimensionality reduction of 20 genes in the samples. (E) Heat map of gene expression.






3.3 Annotation of cluster subtypes

ImmGenData was used as the annotation data to annotate each subtype through the R package SingleR, and 29 clusters were annotated to 8 cell categories: Stromal cells, Endothelial cells, NKT, B cells, Epithelial cells, Neutrophils, DC and Macrophages middle (Figure 4A). Although the amount of detected cells in the DKD and control groups was not 1:1 in each cell subtype, both DKD and control samples were included in different cell types (Figure 4B). For example, B cells and NKT subtypes contain more cells from healthy tissues. Finally, a total of 1,193 cell subtype Marker genes were extracted (Supplement table 1) from single-cell expression profiles by FindAllMarkers.




Figure 4 | Annotation of cluster subtypes (A) 29 clusters were annotated to 8 cell categories: Stromal cells, Endothelial cells, NKT, B cells, Epithelial cells, Neutrophils, DC and Macrophages middle. (B) Samples in each cell subtype.






3.4 Analysis of receptor-ligand relationship pairs

The software package CellphoneDB was applied for analyzing the ligand-receptor relationship of the features in the single-cell expression profile. Finally, some ligand-receptor pairs were selected for display (Figure 5A). It was found that Macrophages|Neutrophils, Macrophages|Epithelial cells had high interaction scores for their interactions with COL4A3_a1b1 complex, COL4A4_a2b1 complex. It was also found that the number of potential ligand-receptor pairs between cells such as Macrophages and other cells is extremely high (Figure 5B). Finally, the number of ligand-receptor gene pairs corresponding to p value < 0.05 in each cell group was counted and it was found that macrophages and Endothelial cells have more potential interactions with other cell subtypes, especially macrophages (Figure 5C).




Figure 5 | Analysis of receptor-ligand relationship pairs. (A) Receptor-ligand trafficking and intracellular signaling. (B) Interaction numbers between cell groups. (C) The number of ligand-receptor gene pairs corresponding to each cell group.






3.5 Analysis of differential expression by RNA-seq

The five GEO datasets, namely GSE1009, GSE30528, GSE96804, GSE104948 (GPL22945), and GSE104948 (GPL24120) were combined to the expression profiles of 122 samples through ComBat (control group: 57 cases; DKD group: 65 cases) (Figures 6A, B). After that, the limma package was used to count the differential genes between patients and normal samples. The differential gene screening conditions were: adj.P.Val<0.05 and |logFC| > 0.585 (26), and finally 178 up-regulated genes and 178 down-regulated genes were screened out (Figure 6C). The functional analysis on these 356 differential genes was performed and it was found that they were enriched in urogenital system development, kidney development, platelet alpha granule and glycosaminoglycan binding pathways (Figures 6D, E).




Figure 6 | Functional analysis of different expression genes in RNA-sequencing. (A) Five GEO data sets were combined into expression profiles of 122 samples by ComBat. (B) Combat PCA for combined expression profile. (C) Volcano plot displaying differential expressed genes (DEGs) between DKD patients and healthy control for combined expression profile. (D) Gene Ontology plots of over-expressed and under-expressed terms. (E) Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis.






3.6 Co-expression modules of DKD and functional enrichment of modular genes

To perform the co-expression network of marker genes in the DKD sample, WGCNA analysis was carried out. The disease state was taken as a clinical trait and further used to construct a WGCNA network to screened biomarkers in the process of DKD. The soft threshold β, which was calculated by the function “sft$powerEstimate”, was set to 4 (Figures 2A, B). Hierarchical clustering trees (average-linked hierarchical clustering) were constructed from weighted correlation coefficients (TOM matrix) between genes, with different branches of the clustering trees being genes with similar patterns, representing different gene modules. Gene clusters that were not assigned to a specific module were defined as gray modules, 13 gene modules were identified in the analysis, including turquoise (n=2104), blue (n=1808), brown (n=1124), green (n=777), turquoise yellow (n=776), black (n=204), pink (n=177), magenta (n=138), purple (n=111), green-yellow (n=91), salmon (n=60), tan(n=65) and grey (n=8) modules (Figure 2C). The modules and traits were further analyzed and it was found that ME-blue modules had the most significant correlation with the sample traits (Figure 2D). Metascape functional enrichment analysis on genes in MEblue module was performed. Our results proved that GO and KEGG analysis mainly enriched signaling mechanisms concluding positive regulation of locomotion, regulation of PI3K-Akt signaling pathway and cell adhesion. The above pathways are closely related (Figure 2E). Through GSVA pathway analysis, it was found that many pathways enriched by these genes were significant between groups, such as INTERFERON GAMMA RESPONSE, EPITHELIAL MESENCHYMAL TRANSITION, E2F TARGETS and other pathways (Figure 2F).




3.7 Screening and verification of key genes.

It was found that only 3 genes in the ME-blue module had significant differences between groups in RNA-seq level and scRNA level expression, namely SLIT3, PDE1A and CFH (Figure 7A), where the between-group significance of Figures 7B–E was analyzed by wilcoxon test.




Figure 7 | Screening and verification of key genes. (A) The Venn diagram displays the overlap genes obtained by three methods. (B) Box plots of the level of SLIT3, PDE1A and CFH in DKD and control samples. (C) The expression distribution of marker genes. (D) Violin plots showing the level of SLIT3, PDE1A and CFH in different identity. (E) Dot plot displaying the normalized mean level of markers. **P<0.01; ****P<0.0001.






3.8 Assessment of immune infiltration levels

Immune microenvironment consist of inflammatory factors, immune cells, special physical and chemical characteristics, extracellular matrix, various growth factors, immune-related fibroblasts, and the diseased cells themselves. Diagnoses and survival of major diseases are greatly affected by the immune microenvironment. Analyzing key gene functions in major diseases and immune infiltration, a further investigation was conducted to determine the mechanisms and key genes associated with DKD. First, a significant study on the immune microenvironment score between the disease and the normal group found that immune microenvironment factors consist of B cells naive, B cells memory, T cells gamma delta, Macrophages M1, Macrophages M2, and Dendritic cells resting were remarkably higher in the group (Figures 8A, B). At the same time, it was found that there were multiple significant correlation pairs between the immune factors through correlation analysis (Figure 8C). We also supplemented the GO analysis of three genes as shown in Figure 8D, and the analysis results showed that SLIT3 and CFH were also involved in the immune response.




Figure 8 | Distribution and visualization of immune cell infiltration. (A) The relative percentage of 22 types of immune cells. (B) Box plots demonstrating 22 immune cell subtypes between DKD and healthy controls. Blue represents normal and yellow represents DKD samples. (C) The heat map demonstrated the interaction of 21 kinds of immune cells. Red showed the positive relation and blue displayed the negative relation, The correlation parameter was shown with the number. (D) GO analysis of three genes. *P<0.05; **P<0.01; ***P<0.0001.






3.9 Analysis of the correlation between key genes and immune infiltration

The Interaction between key genes and immune cells was further explored, and it was found that there were positive interactions between 3 core genes (SLIT3, PDE1A, and CFH) and immune cell infiltration, such as T cells gamma delta, Mast cells resting, Macrophages M2. However, B cells naive and Neutrophils were apparently negatively correlated with SLIT3, PDE1A, and CFH (Figure 9A). The correlations of the 3 key genes with various immune factors from the TISIDB database were further obtained, consist of chemokines, cellular receptors, and immune modulators (Figure 9B). Next the specific signaling pathways enriched by the three key genes and the potential molecular mechanisms of the core genes related to the development of DKD were investigated. Subsequently, we implemented the connection between 3 key genes and chemokine-related genes, immunoinhibitory-related genes, immunostimilator-genes, receptor-related genes, MHC-related genes using cibersort method. The results showed that the 3 key genes we obtained had closely relationship with chemokine-related genes, immunoinhibitory-related genes, immunostimilator-genes, receptor-related genes, MHC-related genes (Figure 9C).




Figure 9 | Correlation analysis of key genes and immune infiltration.(A) Interaction between core genes and immune cells. (B) Interaction between the level of core genes and immune cells abundance. (C) Connection between core genes and immunomodulators, chemokines and cell receptors. *P<0.05; **P<0.01; ***P<0.0001.






3.10 GSEA analysis of key genes

A further study was conducted to explore the specific signaling pathways that are enriched by the three key genes, as well as the molecular mechanisms underlying their effects on DKD development. Pathways with high significance were selected and displayed separately. The CFH gene GO enriched pathways included PEROXISOMAL TRANSPORT, PEROXISOME ORGANIZATION and other pathways, and KEGG enriched pathways included FOCAL ADHESION, LYSINE DEGRADATION and other pathways (Figure 10A). The PDE1A gene enriched pathways included HEMATOPOIETIC STEM CELL PROLIFERATION, INTRACELLULAR PROTEIN TRANSMEMBRANE TRANSPORT and other pathways. KEGG enriched pathways included FOCAL ADHESION, LYSINE DEGRADATION and other pathways (Figure 10B). SLIT3 gene GO enriched pathways included ENDODERM DEVELOPMENT, MITOTIC SPINDLE ORGANIZATION and other pathways. The pathways enriched by KEGG included ECM RECEPTOR INTERACTION, FOCAL ADHESION and other pathways (Figure 10C).




Figure 10 | Discussion on the specific signaling mechanism of key genes. (A) GO and KEGG analysis of CFH gene using GSEA method. (B) GO and KEGG analysis of PDE1A gene using GSEA method. (C) GO and KEGG analysis of SLIT3 gene using GSEA method.






3.11 Regulatory network analysis of key genes

Using these three key genes for the gene set, and analyzing their regulation using multiple transcription factors, it was discovered that they are regulated by a common mechanism. Therefore, Cumulative recovery curves were used to enrich these transcription factors (Figures 11A, B). The analysis results illustrated that the Motif with the highest normalized enrichment score (NES: 5.75) was annotated as cisbp:M6441. It was found that three genes, CFH, PDE1A, and SLIT3, were enriched in the motif. Transcriptional factors of the core genes were identified in all enriched motifs (Figure 11C).




Figure 11 | Analysis of regulatory network of key genes. (A) Motif-TF annotation based on normalized enrichment score. (B) Optimal gene based on motif enrichment. (C) Motif enrichment and its annotation information.






3.12 The study of disease gene expression levels

A total of 3,421 DKD-related disease genes were obtained from the GeneCards database (https://www.genecards.org/). The levels of genes (Figure 12A) were analyzed, and it was discovered that the expression levels of key genes were remarkably related to the expression levels of multiple disease-related genes (Figure 12B).




Figure 12 | Connection between the level of key genes and several DKD-related genes. (A) Box plots displaying the expression of the expression of the top 20 genes related to DKD. (B) Interaction between the level of key genes and the expression of several DKD-related genes. *P<0.05; ***P<0.0001; ****P<0.0001.






3.13 Verification of key genes in clinical population

The plasma levels of CFH, PDE1A, and SLIT3 were evaluated using ELISA. Compared to healthy controls, DKD patients had higher expression of hub genes (Figure 13A). Aims to identify the genes associated with DKD development and analyze their association. We found higher CFH, PDE1A, and SLIT3 levels are related to worse DKD development, according to Kaplan-Meier estimations and log-rank tests (CFH: p =0.038; PDE1A: p = 0.025; SLIT3: p = 0.013, Figure 13B). Furthermore, the immunohistochemical (IHC) results of kidney tissue showed that compared with the control group, participants with DKD had significant statistical differences in the expression of three key genes, and with the gradual deterioration of DKD, the expression of SLIT3, PDE1A and CFH gradually increased (Figures 14A, B). At the same time, we also carried out western blot on the kidney tissue samples, and the results showed the same trend. There were significant statistical differences in the expression of SILT3, PDE1A and CFH between the control group and DKD group (Figure 14C). We studied the correlation between ELISA and IHC score using spearman method. The results showed that IHC had a good linear correlation with ELISA (Figure S3).




Figure 13 | Verification of key genes in clinical population. (A) Expression levels of key genes in plasma samples of DKD patients and healthy control. (B) Kaplan-Meier chart to display the association between the key genes and DKD development rate of different expression level of the 3 genes.






Figure 14 | Verification of key genes in clinical participants. (A) Immunohistochemistry for control and different stages of DKD participants. (B) Quantitative results of immunohistochemistry. (C) Western blotting for control and DKD participants.







4 Discussion

We identified high-variability genes through scRNA-seq strongly influence cell differentiation across homogeneous populations (27). Using cell type identification, scRNA-seq data can be interpreted and cellular heterogeneity can be resolved based on transcriptional and phenotypic interactions (28). By mapping scRNA-seq profiles, we could identify specific types of cells and their marker genes in DKD. There are 8 cell types underwent phenotypic transformation, including Stromal cells, Endothelial cells, NKT, B cells, Epithelial cells, Neutrophils, DC and Macrophages. Among them, macrophages are the most important. Furthermore, we identified 356 different expression genes (DEGs) from the RNA-seq, which are enriched in urogenital system development, kidney development, platelet alpha granule and glycosaminoglycan binding pathways. A weighted gene co-expression network, gene module detection, as well as phenotypic relationships between modules and genes were performed by WGCNA. The highest correlations module is related to regulation of cell adhesion, positive regulation of locomotion, PI3K-Akt, gamma response, epithelial-mesenchymal transition and E2F target signaling pathway. Then we overlapped the DEGs, WGCNA and scRNA-seq, the screened three key genes may be closely related to DKD, which include SLIT3, PDE1A and CFH. Besides, the results of immune infiltration showed that T cells gamma delta, Mast cells resting and Macrophages M2 were positively correlated with the three key genes named SLIT3, PDE1A and CFH, and B cells naive, Neutrophils were negatively correlated with the three key genes. Finally, the three genes SLIT3, PDE1A, and CFH were highly expressed in DKD patients during clinical validation, and low DKD development rates are associated with the high expression of these three genes.

As a result of integrating four datasets, we identified eight cell groups. This was partly similar to the previous research results. A study used GSE131882 dataset for analysis and got the conclusion that in diabetic kidney specimens and controls, 10 cell types were aggregated, including tubular cells, endothelium, parietal epithelial cells, podocytes, collecting duct, mesangial cells, immune cells, distal convoluted tubule, the thick ascending limb, and proximal tubule (20). In our results, macrophages had much stronger intercellular communication than other cells. A significant role is played by macrophages in the development of DKD, causing irreversible changes to the glomeruli and kidney tissue stromal hyperplasia (29). Predominantly M1-containing macrophages characterize diabetes-related kidney injury. In mice lacking the cyclooxygenase-2 gene (Cox-2), M1 was shown to be crucial for the development of DKD. A higher degree of M1 polarization is associated with a higher degree of renal injury in these mice (30). Other publications claimed that the escalating levels of TGF- and galectin-3 in the kidneys of streptozotocin-induced DKD rats indicate a predominate M2 cell type (31). A streptozotocin-induced type 1 diabetic mouse was adoptively transferred with M2 and the reduction of renal damage along with the infiltration of macrophages into the kidney decreased, consisting of interstitial expansion, glomerular hypertrophy and tubular atrophy (32). It has been shown that proxies that promoted M2 polarization, such as Pentraxin-3, can significantly reduce kidney injury in patients with DKD by stimulating the differentiation of M2 macrophages (33). A recent study by Zhang et al. found that inhibiting the activation of M1 macrophages and promoting the transformation of M2 macrophages prevented podocyte damage (34). In a microenvironment mimicking diabetic kidneys, Sirt6 activated M2 and protected podocytes from injury (35). Diabetes pathogenesis is mainly dependent on macrophages, as evidenced by these studies.

Herein, we identified 3 overlap genes of scRNA-seq, DEGs and WGCNA between DKD and control. It has been shown that Slit3 is secreted by M2-like macrophages which are found in adipose tissue and that it stimulates norepinephrine release from sympathetic neurons, which is necessary to adapt to cold environments (36). The osteoprotective role of SLIT3 has been demonstrated in a number of previous studies, indicating that the protein could be underlying targets for therapy in the treatment of metabolic bone disease (37, 38). However, few research illuminated the relationship between Slit3 and DKD. To our knowledge, we are the first team to propose that Slit3 could activate the ECM receptor interaction and focal adhesion pathways. It was deduced that LMWF could reduce ECM expression and inhibite the PI3K/AKT and JAK-STAT pathways, finally improving abnormal human renal mesangial cells (HRMCs) induced by AGEs in DKD (39). Focal adhesion is a crucial factor in maintaining the structural integrity of podocytes (40). Our result indicated that SLIT3 could regulate the ECM receptor interaction and focal adhesion pathways to Influence the pathogenesis of DKD. Strong PDE1A expression was seen in the kidney, suggesting their possible involvement in kidney diseases (41).We found that PDE1A was a key gene of DKD, which is related to focal adhesion and lysine degradation pathways. There are 20 short census repeat domains in the CFH glycoprotein, which binds to chromosome 1q32 and encodes factor H protein, an important inhibitor r of the alternate pathway of complement in the fluid phase of a cell’s surface and in the liquid phase (42). Bonomo et al. (42) indicated that CFH-associated types of mesangial proliferative glomerulonephritis were seen in end-stage kidney disease caused by hypertension or glomerulosclerosis, and fosinopril with CFH demonstrated preferred binding activity. Thus, CFH might be a target for the treatment of mesangial cells associated with DKD (43). Further results of GO and KEGG indicated that the gene is enriched in peroxisome, focal adhesion and lysine degradation pathways. According to Wang, YQ et al., succinate generated by peroxisomes accumulates lipids and ROS in the kidney, causing oxidative stress, and treating DKD and associated metabolic problems by precisely targeting peroxisomal beta-oxidation might be successful. We hypothesized that CFH might cause the peroxisome-generated succinate to be produced, which would lead to DKD and other metabolic diseases. In light of the above evidence, it is clear that there is a close relationship between these three genes and DKD. This hypothesis was also confirmed by our finding that these three genes were not only highly expressed in DKD, but also were closely correlated with renal function development. To confirm the results in a more robust manner, the research sample size must be increased.

In addition, the database used in this work is commonly utilized in other bioinformatics studies. Some scholars have identified VEGFA, NPHs1, WT1, CTGF, SYNPO and POD XL as promising biomarkers to diagnose DKD using GSE30528 and GSE1009 databases (44). Others used GSE30528 database and WGCNA method to identify six key genes related to DKD (22). Using the GSE96804 database, research determined that THBS2, COL1A2, COL6A3, and CD44 might be potential biomarkers and treatment prospects for DKD (45). Finally, about GSE104948, scientists used this database for bioinformatics analysis and experimental verification identified three novel DKD-specific genes (46).

It is found in further studies that T cells gamma delta, neutrophils, B cells naive, mast cells resting, and macrophages M2 may be interrelated cell groups with three key genes in common. It is being investigated whether T-lymphocytes are activated in DKD (47–50). The activation of T-lymphocytes is dependent on two primary signals: the presentation of MHC antigens, and the connection between co-stimulatory molecules B7-1 and CD28, resulting in T lymphocyte activation or repression. There are a variety of ways in which T-lymphocyte activation can occur in DN, including systemic reactions or local reactions due to MHC class II influenced by podocytes (51), mediated by B7-1, which is responsible for the injury of podocytes in DKD (47, 52). It is important in the early stages of DN to activate TNF-α signaling pathways and to activate T-lymphocyte immunity. A moderate albuminuria is initiated by both pathways, and it is likely that both pathways affect the development of moderate albuminuria as well as the impairment of renal function. The T-lymphocyte immune markers sCTLA-4 and CD28 involved in the pathogenesis and advancement of DN (50). M2 macrophages play a controversial role in kidney tissue fibrosis, since they can partake in the restoration and remodeling, differentiate into fibroblasts, as well as stimulate myofibroblast proliferation and promote of DN kidney injury through phagocytosis, restraining the toxic effects of T cells, downregulation of inflammatory cytokines and chemokines, and recovery from shock (53). Researchers have discovered that M1 macrophages have an early stage of renal damage and an M2 phenotype when the kidney is in the repair stage. Furthermore, M1 macrophages can eventually become M2 macrophages(2011). DN could be treated by stimulating M2 macrophages and inhibiting M1 macrophage numbers. Neutrophils are the main cause of acute kidney injury, according to current research (54), and their role in DKD was revealed by Wang, YJ (55). The result conducted by Wang, YJ showed that resting mast cells, macrophages M1/M2, infiltrated immune cells and T cells CD8, were significantly related to DKD (55), which was consistent with ours. Li, T et al. proposed that regulation B cells are significantly reduced in DKD sample compared with diabetic controls and healthy, thus supporting the conjecture that regulatory B cells has an impact on the disease (56). This conclusion agree with those of a study that performed reduced numbers of regulatory B cells in patients with primary glomerulonephritis (57). Herein, we are the first team to propose the hypothesis that naive B cells are negatively related to three key genes.

To explain the involvement of the core genes in DKD patients to further clarify the regulatory relations. We found the PTF1A was annotated to the most significantly enriched motifs for the 3 key genes. There are several helix-loop-helix (bHLH) proteins that are specifically expressed in the brain, spinal cord, retina, pancreas, and enteric nervous system, including transcription factor Ptf1a. Assembling Ptf1a with an E protein and RBPJ (or RBPJl) results in a transcription trimeric complex PTF1. The function of Ptf1a in pancreatic development is to regulate multipotent progenitor cell proliferation and acinar cell maintenance (58). Exome sequences reveal a mutation in PTF1A in a family with multiform cases of early-onset diabetes (59, 60). According to Olcay et al., a homozygous PTF1A enhancer mutation caused an isolated pancreas agenesis in two neonatal diabetes patients (61). In early neonatal periods, patients with PTF1A distal enhancer mutations present with IUGR, indicating in utero insulin deficiency (62; 61, 63–66). It indicated that different mutations in enhancers may show genotype-phenotype correlations (63). It indicated that PTF1A has an impact on DKD. In spite of this, it remains unclear how identical mutations at the distal enhancer affect PTF1A function.

Additionally, since there is no experimental verification of the DKD key genes, the results are probably inaccurate, Therefore, bioinformatics analysis needs to be combined with GeneCards database information regarding human DKD. It is displayed that the level of key genes is significantly correlated to the expression level of several DKD related genes. Especially, SLIT3 and PDE1A were strongly associated with INSR and HNF1B, respectively. Insulin receptor encoded by INSR interacts between extracellular and intracellular signaling pathways, and is necessary to insulin action. Diabetes type 2 may be associated with INSR, which involved in adipogenesis and beta-cell insulin secretion (67, 68). Further, INSR expression changes in the kidney during diabetes (69), indicating that it contributes to DKD of type 2. Diabetes secondary to mutations in HNF1B was first showed in a Japanese family in 1997 (70), increasing documentation of the phenotype associated with this mutation has been published since then. There has been evidence that changes in the HNF1B gene contribute to a slight predisposition to type 2 diabetes, Possibly caused by mutations in the HNFB1 gene that create a protein that is incapable of binding DNA or fails to transactivate DNA following binding (71). It is clear from these evidences that key genes are important in the pathogenesis of DKD, as well as potential diagnostic and therapeutic targets (44, 72, 73).

Our research has some limitations. First, there were too few PBMC data sets of DKD. At present, only GSE185011 and GSE142153 were found, among which GSE185011 samples were too few. Therefore, we can’t verify the expression of three key genes in other data sets. We look forward to the publication of a larger data set to further verify the expression of the three key genes we have obtained. A second limitation is that the relationship between the genes and cell types studied thus far has not been verified through other functional studies or in vitro studies, which will be the focus of our future research. The third shortcoming is that in order to get more differential genes, we set the threshold to 0.585, which seemed to be a bit low, but can get more differential genes, and might exaggerate the role of some genes in the disease. Finally, Due to ethical problems, we couldn’t obtain completely normal renal tissue samples. In order to further set up the control group, we could only choose subjects with relatively healthy kidney participants. These subjects might have slight abnormalities, but there was no overlap with the DKD studied in terms of mechanism. Because the mechanisms did not coincide and there was no clinical correlation, we thought the results were still reliable. Of course, this is also a project that we will carry out in the future. We will further obtain tissue samples of healthy kidneys from paracancerous tissue of patients with renal cancer for further.




5 Conclusion

As a result of our innovative single-cell and transcriptome analyses, we discovered relations between three genes and DKD, as well as identified transcriptional regulators and intercellular pathways involved. Our next step was to clarify the effect of macrophages on DKD. Three new targets have been identified for future translational studies on DKD based on our novel mechanism of DKD.





Data availability statement

Publicly available datasets were analyzed in this study. This data can be found here: GSE131882, GSE1009, GSE30528, GSE96804 and GSE104948. https://www.ncbi.nlm.nih.gov/geo/info/datasets.html.





Ethics statement

This study was approved by the Ethics Committee of People’s Hospital of Xinjiang Uygur Autonomous Region (Num. KY2020101945). The patients/participants provided their written informed consent to participate in this study.





Author contributions

XZ, HJ, and CL were responsible for putting forward scientific problems and preparing all experiments. PC is responsible for all data analysis and data visualization. LZ and LX mainly undertook ELISA experiments. XC was mainly responsible for the collection and follow-up of patients. SW and MW was mainly responsible for writing manuscripts. All authors contributed to the article and approved the submitted version.




Acknowledgments

We are grateful to Zhang Jiahui for giving us some guidance in bioinformatics analysis, and to all the patients who participated in this research, which provided very valuable data for this research. Thanks to the online software of the Institute of Scientific Research for its help in drawing. Thanks to M.Q.R for giving us some help with the experiment.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2023.1030198/full#supplementary-material




References

1. Thomas, MC, Brownlee, M, Susztak, K, Sharma, K, Jandeleit-Dahm, KA, Zoungas, S, et al. Diabetic kidney disease. Nat Rev Dis primers. (2015) 1:15018. doi: 10.1038/nrdp.2015.18

2. Mats, B, Arnqvist, HJ, Goran,, Karlberg, BE, and Ludvigsson, J. Declining incidence of nephropathy in insulin-dependent diabetes mellitus. New Engl J Med (1994) 330(1):15–8. doi: 10.1056/nejm199401063300103

3. Hovind, P, Tarnow, L, Rossing, K, Rossing, P, Eising, S, Larsen, N, et al. Decreasing incidence of severe diabetic microangiopathy in type 1 diabetes. Diabetes Care (2003) 26(4):1258–64. doi: 10.2337/diacare.26.4.1258

4. Burrows, NR, Hora, I, Cho, P, Gerzoff, RB, and Geiss, LS. Incidence of end-stage renal disease attributed to diabetes among persons with diagnosed diabetes – united states and Puerto Rico 1996-2007. Mmwr Morb Mortal Wkly Rep (2010) 59(42):1361–6.

5. Ogurtsova, K, Fernandes, JR, Huang, Y, Linnenkamp, U, Guariguata, L, Cho, NH, et al. IDF diabetes atlas: Global estimates for the prevalence of diabetes for 2015 and 2040. Diabetes Res Clin Pract (2017) 128:40–50. doi: 10.1016/j.diabres.2017.03.024

6. Alicic, RZ, Rooney, MT, and Tuttle, KR. Diabetic kidney disease: Challenges, progress, and possibilities. Clin J Am Soc Nephrol (2017) 12(12):2032-45. doi: 10.2215/CJN.11491116

7. Seaquist, ER, and Goetz, FC. Familial clustering of diabetic kidney disease: Evidence for genetic susceptibility to diabetic. New Engl J Med (1989) 320(18):1161–5. doi: 10.1056/NEJM198905043201801

8. Borch-Johnsen, K, Nørgaard, K, Hommel, E, Mathiesen, ER, Jensen, JS, Deckert, T, et al. Borch-johnsen, k. et al. is diabetic nephropathy an inherited complication? Kidney Int (1992) 41:719–22.

9. Du, L, Qian, X, Li, Y, Li, XZ, He, LL, Xu, L, et al. Sirt1 inhibits renal tubular cell epithelial-mesenchymal transition through YY1 deacetylation in diabetic nephropathy. Acta Pharmacol Sin (2021) 42(2):242–51. doi: 10.1038/s41401-020-0450-2

10. Lee, J, Tsogbadrakh, B, Yang, SH, Ryu, H, and Oh, KH. Klotho ameliorates diabetic nephropathy via LKB1-AMPK-PGC1α-mediated renal mitochondrial protection. Biochem Biophys Res Commun (2020) 534:1040–6.

11. Retnakaran, R, Carole, A, Adler, AI, and Holman, RR. Risk factors for renal dysfunction in type 2 diabetes. Diabetes (2006) 55(6):1832–9. doi: 10.2337/db05-1620

12. Hasan, I, Brifkani, Z, Heilig, C, Nahman, N, Atta, M, Heilig, K, et al. Diabetic nephropathy on renal biopsy in the absence of clinical diabetes mellitus. Am J Kidney Dis (2020) 75(4):583–3.

13. Li, Y, Pan, Y, Cao, S, Sasaki, K, and Harris, RC. Podocyte EGFR inhibits autophagy through upregulation of Rubicon in type II diabetic nephropathy. Diabetes (2020) 70(2):562–76.

14. Nakagawa, S, Nishihara, K, Miyata, H, Shinke, H, Tomita, E, Kajiwara, M, et al. Molecular markers of tubulointerstitial fibrosis and tubular cell damage in patients with chronic kidney disease. PloS One (2015) 10(8):e0136994. doi: 10.1371/journal.pone.0136994

15. Zhou, Q, Xiong, Y, Huang, XR, Tang, P, Yu, X, and Lan, HY. Identification of genes associated with Smad3-dependent renal injury by RNA-seq-based transcriptome analysis. entific Rep (2015) 5(1):17901. doi: 10.1038/srep17901

16. Wu, H, and Humphreys, BD. The promise of single-cell RNA sequencing for kidney disease investigation. Kidney Int (2017) 92(6):1334–42. doi: 10.1016/j.kint.2017.06.033

17. Ding, SN, Chen, XS, and Shen, KW. Single-cell RNA sequencing in breast cancer: Understanding tumor heterogeneity and paving roads to individualized therapy. Cancer Commun (2020) 40(8):329–44. doi: 10.1002/cac2.12078

18. Hafemeister, C, and Satija, R. Normalization and variance stabilization of single-cell RNA-seq data using regularized negative binomial regression. Genome Biol (2019) 20(1):296. doi: 10.1186/s13059-019-1874-1

19. Fu, J, Akat, KM, Sun, Z, Zhang, W, Schlondorff, D, Liu, Z, et al. Single-cell RNA profiling of glomerular cells shows dynamic changes in experimental diabetic kidney disease. J Am Soc Nephrol (2019) 30(4):533–45. doi: 10.1681/ASN.2018090896

20. Lu, X, Li, L, Suo, L, Huang, P, Wang, H, Han, S, et al. Single-cell RNA sequencing profiles identify important pathophysiologic factors in the progression of diabetic nephropathy. Front Cell Dev Biol (2022) 10:798316. doi: 10.3389/fcell.2022.798316

21. Langfelder, P, and Horvath, S. WGCNA: an r package for weighted correlation network analysis. BMC Bioinf (2008) 9(1):559. doi: 10.1186/1471-2105-9-559

22. Chen, J, Luo, SF, Yuan, X, Wang, M, Yu, HJ, Zhang, Z, et al. Diabetic kidney disease-predisposing proinflammatory and profibrotic genes identified by weighted gene co-expression network analysis (WGCNA). J Cell Biochem (2022) 123(2):481–92. doi: 10.1002/jcb.30195

23. Yamanouchi, M, Furuichi, K, Shimizu, M, Toyama, T, Yamamura, Y, Oshima, M, et al. Serum hemoglobin concentration and risk of renal function decline in early stages of diabetic kidney disease: a nationwide, biopsy-based cohort study. Nephrol Dialysis Transplant (2021) 37(3):489–97. doi: 10.1093/ndt/gfab185

24. Xiong, XG, Liang, QH, Zhang, CH, Wang, Y, Huang, W, Peng, WJ, et al. Serum proteome alterations in patients with cognitive impairment after traumatic brain injury revealed by iTRAQ-based quantitative proteomics. BioMed Res Int (2017) 2017:8572509. doi: 10.1155/2017/8572509

25. Xing, ZH, Xia, Z, Peng, WJ, Li, J, Zhang, CH, Fu, CY, et al. Xuefu zhuyu decoction, a traditional Chinese medicine, provides neuroprotection in a rat model of traumatic brain injury via an anti-inflammatory pathway. Sci Rep (2016) 6:20040. doi: 10.1038/srep20040

26. Liu, J, Li, J, Li, H, Li, A, Liu, B, and Han, L. A comprehensive analysis of candidate genes and pathways in pancreatic cancer. Tumour Biol (2015) 36(3):1849–57. doi: 10.1007/s13277-014-2787-y

27. Cao, ZJ, Wei, L, Lu, S, Yang, DC, and Gao, G. Searching large-scale scRNA-seq databases via unbiased cell embedding with cell BLAST. Nat Commun (2020) 11(1):3458. doi: 10.1038/s41467-020-17281-7

28. Wang, Z, Ding, H, and Zou, Q. Identifying cell types to interpret scRNA-seq data: how, why and more possibilities. Briefings Funct Genomics (2020) 19(4):286–91. doi: 10.1093/bfgp/elaa003

29. Chow, F, Ozols, E, Nikolic-Paterson, DJ, Atkins, RC, and Tesch, GH. Macrophages in mouse type 2 diabetic nephropathy: correlation with diabetic state and progressive renal injury. Kidney Int (2004) 65(1):116–28. doi: 10.1111/j.1523-1755.2004.00367.x

30. Xin, W, Bing, Y, Wang, Y, Fan, X, Wang, S, Niu, A, et al. Macrophage cyclooxygenase-2 protects against development of diabetic nephropathy. Diabetes (2017) 66(2):494–504.

31. Cucak, H, Fink, LN, Pedersen, MHJ, and Rosendahl, A. Enalapril treatment increases T cell number and promotes polarization towards M1-like macrophages locally in diabetic nephropathy. Int Immunopharmacol (2015) 25(1):30–42. doi: 10.1016/j.intimp.2015.01.003

32. Zheng, D, Wang, Y, Cao, Q, Lee, V, Zheng, G, Sun, Y, et al. Transfused macrophages ameliorate pancreatic and renal injury in murine diabetes mellitus. Nephron Exp Nephrol (2011) 118(4):e87–99. doi: 10.1159/000321034

33. Sun, H, Tian, J, Xian, W, Xie, T, and Yang, X. Pentraxin-3 attenuates renal damage in diabetic nephropathy by promoting M2 macrophage differentiation. Inflammation (2015) 38(5):1739–47. doi: 10.1007/s10753-015-0151-z

34. Zhang, XL, Guo, YF, Song, ZX, and Min, Z. Vitamin d prevents podocyte injury via regulation of macrophage M1/M2 phenotype in diabetic nephropathy rats. Endocrinology (2014) 12):4939–50. doi: 10.1210/en.2014-1020

35. Ji, L, Chen, Y, Wang, H, Zhang, W, He, L, Wu, J, et al. Overexpression of Sirt6 promotes M2 macrophage transformation, alleviating renal injury in diabetic nephropathy. Int J Oncol (2019) 55(1):103. doi: 10.3892/ijo.2019.4800

36. Wang, YN, Tang, Y, He, ZH, Ma, H, Wang, LY, Liu, Y, et al. Slit3 secreted from M2-like macrophages increases sympathetic activity and thermogenesis in adipose tissue. Nat Metab (2021) 3(11):1536–51. doi: 10.1038/s42255-021-00482-9

37. Kim, BJ, Lee, YS, Lee, SY, Baek, WY, Choi, YJ, Moon, SA, et al. Osteoclast-secreted SLIT3 coordinates bone resorption and formation. J Clin Invest (2018) 128(4):1429–41. doi: 10.1172/jci91086

38. Cho, HJ, Kim, H, Lee, YS, Moon, SA, Kim, JM, Kim, H, et al. SLIT3 promotes myogenic differentiation as a novel therapeutic factor against muscle loss. J Cachexia Sarcopenia Muscle (2021) 12(6):1724–40. doi: 10.1002/jcsm.12769

39. Wang, J, Zhang, Q, Li, S, Chen, Z, Tan, J, Yao, J, et al. Low molecular weight fucoidan alleviates diabetic nephropathy by binding fibronectin and inhibiting ECM-receptor interaction in human renal mesangial cells. Int J Biol Macromol (2020) 150:304–14. doi: 10.1016/j.ijbiomac.2020.02.087

40. Ge, XH, Zhang, T, Yu, XX, Muwonge, AN, Anandakrishnan, N, Wong, NJ, et al. LIM-nebulette reinforces podocyte structural integrity by linking actin and vimentin filaments. J Am Soc Nephrol (2020) 31(10):2372–91. doi: 10.1681/asn.2019121261

41. Samidurai, A, Xi, L, Das, A, Iness, AN, Vigneshwar, NG, Li, PL, et al. Role of phosphodiesterase 1 in the pathophysiology of diseases and potential therapeutic opportunities. Pharmacol Ther (2021) 226:107858. doi: 10.1016/j.pharmthera.2021.107858

42. Bonomo, JA, Palmer, ND, Hicks, PJ, Lea, JP, Okusa, M, Langefeld, CD, et al. Complement factor h gene associations with end-stage kidney disease in African americans. Nephrol Dial Transplant (2014) 7):1409–14. doi: 10.1093/ndt/gfu036

43. Mou, X, Zhou, DY, Liu, YH, Liu, KY, and Zhou, DY. Identification of potential therapeutic target genes in mouse mesangial cells associated with diabetic nephropathy using bioinformatics analysis. Exp Ther Med (2019) 17(6):4617–27. doi: 10.3892/etm.2019.7524

44. Chen, S, Chen, L, and Jiang, H. Integrated bioinformatics and clinical correlation analysis of key genes, pathways, and potential therapeutic agents related to diabetic nephropathy. Dis Markers (2022) 2022:9204201. doi: 10.1155/2022/9204201

45. Li, Z, Feng, J, Zhong, J, Lu, M, Gao, X, and Zhang, Y. Screening of the key genes and signalling pathways for diabetic nephropathy using bioinformatics analysis. Front Endocrinol (Lausanne) (2022) 13:864407. doi: 10.3389/fendo.2022.864407

46. Yu, W, Wang, T, Wu, F, Zhang, Y, Shang, J, and Zhao, Z. Identification and validation of key biomarkers for the early diagnosis of diabetic kidney disease. Front Pharmacol (2022) 13:931282. doi: 10.3389/fphar.2022.931282

47. Moon, JY, Jeong, KH, Lee, TW, Ihm, CG, Lim, SJ, and Lee, SH. Aberrant recruitment and activation of T cells in diabetic nephropathy. Am J Nephrol (2012) 35(2):164–74. doi: 10.1159/000334928

48. Simone, R, Pesce, G, Antola, P, Rumbullaku, M, and Saverino, D. The soluble form of CTLA-4 from serum of patients with autoimmune diseases regulates T-cell responses. BioMed Res Int (2015) 2014(6127):215763.

49. Norlin, J, Fink, LN, Kvist, PH, Galsgaard, ED, and Coppieters, K. Abatacept treatment does not preserve renal function in the streptozocin-induced model of diabetic nephropathy. PloS One (2016) 11(4):e0152315. doi: 10.1371/journal.pone.0152315

50. Lampropoulou, IT, Stangou, M, Sarafidis, P, Gouliovaki, A, Giamalis, P, Tsouchnikas, I, et al. TNF-alpha pathway and T-cell immunity are activated early during the development of diabetic nephropathy in type II diabetes mellitus. Clin Immunol (2020) 215:108423. doi: 10.1016/j.clim.2020.108423

51. Goldwich, A, Burkard, M, Olke, M, Daniel, C, Amann, K, Hugo, C, et al. Podocytes are nonhematopoietic professional antigen-presenting cells. J Am Soc Nephrol (2013) 24(6):906–16. doi: 10.1681/ASN.2012020133

52. Fiorina, P, Vergani, A, Bassi, R, Niewczas, MA, and Sayegh, MH. Role of podocyte B7-1 in diabetic nephropathy. J Am Soc Nephrol (2014) 25(7):1415–29. doi: 10.1681/ASN.2013050518

53. Huen, SC, and Cantley, LG. Macrophages in renal injury and repair. Annu Rev Physiol (2017) 79(1):449–69. doi: 10.1146/annurev-physiol-022516-034219

54. Nakazawa, D, Marschner, JA, Platen, L, and Anders, H. Extracellular traps in kidney disease. Kidney Int (2018) 94(6):1087–98. doi: 10.1016/j.kint.2018.08.035

55. Wang, YJ, Zhao, MM, and Zhang, Y. Identification of fibronectin 1 (FN1) and complement component 3 (C3) as immune infiltration-related biomarkers for diabetic nephropathy using integrated bioinformatic analysis. Bioengineered (2021) 12(1):5386–401. doi: 10.1080/21655979.2021.1960766

56. Li, T, Yu, ZX, Qu, ZH, Zhang, N, Crew, R, and Jiang, YF. Decreased number of CD19(+)CD24(hi)CD38(hi) regulatory b cells in diabetic nephropathy. Mol Immunol (2019) 112:233–9. doi: 10.1016/j.molimm.2019.05.014

57. Wang, Y-Y, Zhang, L, Zhao, P-W, Ma, L, Li, C, Zou, HB, et al. Functional implications of regulatory b cells in human IgA nephropathy. Scandinavian J Immunol (2014) 79(1):51–60.

58. Jin, KX, and Xiang, MQ. Transcription factor Ptf1a in development, diseases and reprogramming. Cell Mol Life Sci (2019) 76(5):921–40. doi: 10.1007/s00018-018-2972-z

59. Tanaka, D, Okamoto, S, Liu, Y, Iizuka, K, Hamamoto, Y, Horikawa, Y, et al. Whole-exome sequencing in a family with multiple cases of early-onset diabetes reveals a candidate causative mutation in the PTF1A gene. Diabetologia (2020) 63(SUPPL 1):S150–0.

60. Tanaka, D, Okamoto, S, Liu, YY, Iizuka, K, Hamamoto, Y, Horikawa, Y, et al. Exome sequencing in a family with multiple cases of early-onset diabetes reveals a candidate causative mutation in the PTF1A gene. Diabetes (2020) 69. doi: 10.2337/db20-1660-P

61. Evliyaoglu, O, Ercan, O, Ataoglu, E, Zubarioglu, U, Ozcabi, B, Dagdeviren, A, et al. Neonatal diabetes: Two cases with isolated pancreas agenesis due to homozygous PTF1A enhancer mutations and one with developmental delay, epilepsy, and neonatal diabetes syndrome due to KCNJ11 mutation. J Clin Res Pediatr Endocrinol (2018) 10(2):168–74. doi: 10.4274/jcrpe.5162

62. Weedon, MN, Cebola, I, Patch, AM, Flanagan, SE, Franco, ED, Caswell, R, et al. Enhancer cause isolated pancreatic agenesis. Nat Genet (2014) 46(1):61–64. doi: 10.1038/ng.2826

63. Demirbilek, H, Arya, VB, Ozbek, MN, Houghton, J, Baran, RT, Akar, M, et al. Clinical characteristics and molecular genetic analysis of 22 patients with neonatal diabetes from the south-Eastern region of Turkey: predominance of non-KATP channel mutations. Eur J Endocrinol (2015) 172(6):697. doi: 10.1530/EJE-14-0852

64. Gonc, EN, Ozon, A, Alikasifoglu, A, Haliloglu, M, Ellard, S, Shaw-Smith, C, et al. Variable phenotype of diabetes mellitus in siblings with a homozygous PTF1A enhancer mutation. Hormone Res Pdiatrics (2015) 84(3):206–11. doi: 10.1159/000435782

65. Gabbay, M, Ellard, S, Franco, ED, and Moises, RS. Pancreatic agenesis due to compound heterozygosity for a novel enhancer and truncating mutation in the PTF1A gene. J Clin Res Pediatr Endocrinol (2017) 9(3):274–7. doi: 10.4274/jcrpe.4494

66. Kurnaz, E, Aycan, Z, Yıldırım, N, and Çetinkaya, S. Conventional insulin pump therapy in two neonatal diabetes patients harboring the homozygous PTF1A enhancer mutation: Need for a novel approach for the management of neonatal diabetes. Turkish J Pediatr (2017) 59(4):458. doi: 10.24953/turkjped.2017.04.013

67. Brunetti, A, Chiefari, E, and Foti, D. Perspectives on the contribution of genetics to the pathogenesis of type 2 diabetes mellitus. Recenti Progressi Med. (2011) 102(12):468–75.

68. Zhu, AN, Yang, XX, Sun, MY, Zhang, ZX, and Li, M. Associations between INSR and MTOR polymorphisms in type 2 diabetes mellitus and diabetic nephropathy in a northeast Chinese han population. Genet Mol Res (2015) 14(1):1808–18. doi: 10.4238/2015.March.13.9

69. Gatica, R, Bertinat, R, Silva, P, Carpio, D, and Yáez, AJ. Altered expression and localization of insulin receptor in proximal tubule cells from human and rat diabetic kidney. J Cell Biochem (2013) 114(3):639–49. doi: 10.1002/jcb.24406

70. Horikawa, Y, Iwasaki, N, Hara, M, Furuta, H, Hinokio, Y, Cockburn, B, et al. Mutation in hepatocyte nuclear factor-1 beta gene (TCF 2) associated with MODY. Nat Genet (1997) 17:384–5. doi: 10.1038/ng1297-384

71. Imamura, M, Takahashi, A, Yamauchi, T, Hara, K, Yasuda, K, Grarup, N, et al. Genome-wide association studies in the Japanese population identify seven novel loci for type 2 diabetes. Nat Commun (2016) 7:10531. doi: 10.1038/ncomms10531

72. Kushiyama, T, Oda, T, Yamada, M, Higashi, K, Yamamoto, K, Sakurai, Y, et al. Alteration in the phenotype of macrophages in the repair of renal interstitial fibrosis in mice. Nephrology (2011) 16(5):522–35.

73. G. Mehta, B, Ferreira, VP, Skerka, C, Zipfel, PF, and Banda, NK. New insights into disease-specific absence of complement factor h related protein c in mouse models of spontaneous autoimmune diseases. Mol Immunol (2014) 62(1):235–48. doi: 10.1016/j.molimm.2014.06.028




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2023 Zhang, Chao, Zhang, Xu, Cui, Wang, Wusiman, Jiang and Lu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-14-1030198-g005.jpg
Log2 mean (Molecule 1, Molecule 2)

~log10(pvalue)

R T R R R B R R T S R R
52 & 55 5 ] 555835
&MFWMW\PWN\DNM%N]PMMMWWNWNN\PM.
LERPEXEOEQEEE=ZEEZSX WO EEEEEE
SBETBE 353383838 8388 4¢7,888888
C2o>5FEE832Egb3a 50082828258
03888558 R8T 0°ERYFEN .5
SJEZ S ¥79% P PR
< v F < < < o< < < |
gFg & 3$g3+@ g2 $33333
g § § 3§53 zz £32833
8 g 8 8338 8 3838388
= o o o o

oalsiydonnen

slis0 elpyud3loa
siiydonneN|siudonnenN
leund3
siio [eyeyyda|siydonnan

slI90 glsiied

sliso elRyd3lsiie 8
sabeydosoe | L3N

s|120 gls|i92 [elayopul
slieo [eeyiopu3loa
oalsiied [eleyud3

oalsiies eyeuiopus
siiydosneNlsiieo elleunda
s|jso [eeyopuzIsiydonnaN

sI1%0 [eypuIopuIsiie 8

siieo glsebeydoseyy

slieo elRyyda|siieo feiaud
sebeydosoe[oa
siiydonnan|siieo [eljeuiopuz
sli20 [e1pyd3|sied [elauopus
oqlsebeydomnep
sobeydosoesiydonnan

siiso [eljayiopualsiied eleud3
sabeydosoe|siieo g

siieo [elleyyd3|sebeydoioey
siiydonnan|sebeydosoey

SI10 [e119410pUSI20 [elfBUIopUT
sabeydosoels|ie2 [eloud3
siieo [ellyiopusebeydomep
soBeydoioei[siied [eleuiopus
sebeydoioe|y|sebeydoioey

Cell_Type

Endonelal cos

Maccgpages

600

400

swnog

200

0






OEBPS/Images/fimmu-14-1030198-g011.jpg
2
£
o

Fraqueney

a0

E

200

100

i ool

00 01

cisbp_M6441

cisbp__M0031

0IG

02

03 04 05

AUC histopram

cisbp_M4823

&TGT TQ&%&

cisbp_M5465

#genes recovered

#genes recovered

15 20 25 30

10

00 05

Global mean and SD estimation

cisbp__M6441

Lkl |
| ) H
| A -
! | M 8
g
*
-

— ———
o 1000 2000 3000 4000 5000 1000 2000 3000 4000 5000
Rank Rank
cisbp__M0032 cisbp__M0031

2
,,,,, % o R—
g =
§ o
5 2
<
w
! i< !

0

T T T T T

1000 2000 3000 4000 5000

Rank

T T T T T

1000 2000 3000 4000 5000

Rank





OEBPS/Images/fimmu-14-1030198-g013.jpg
A SLIT3 PDE1A CFH
P<0.0001
Z 150 T 160 P<0.0001 T 1454  P<0.0001
2 2 ' ! 2
€ 140 = 150 f~ = 140
g ] w6 ]
° S 140 ® S 135
=% S S
130 q@‘
= . 4
° ) 3]
< = 130 ﬁ < 130
g 120 ﬁ 120 ﬁ 125
4 4 4
S S S
% 110 % 110 % 120
control DKD control DKD control DKD

) ) “ high expression of PDE1A
—~ high expression of SLIT3 gh exp! - high expression of CFH

= = low expression of SLIT3 s 100. — low expression of PDE1A ’\;100 - low expression of CFH
g 5 s
H £ £
= £ £

E 5 £

2 3w 5w
] ]

s E, P=0.0254 5

s S s

8 3 8

[ [ I

°
o

0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
follow-up time(months) follow-up time(months) follow-up time(months)





OEBPS/Images/fimmu-14-1030198-g014.jpg
A Control Stage | Stage Il Stage Il Stage IV

canvl [ svce [l soce v contet [ a1 [ sae v o [ o1 [l swoe v
seoe [ ot [ 2 [ e sece [ S [l 2o [ 2o sece [ S [l o, [ S
5 oss
e —ouo7g
. s
e e
20- 9 79
: e
1 . ey s
n = e 25 e
3 o g = 8 i —
n 10

+ .
:-’9946 0‘9 #T%%‘

o
Control  Stage|  Stagell Stagelll Stage 1V  StageV Control _ Stage | Stage !l Stagel Stage IV Stage V. Control _ Stage | Stagell Stage !l Stage IV Stage V.
Stage. Stage Stage.

Control DKD

——
-——as- GFH
o~
T ——— -
R S —— — —.  PDE1A

Type

Relste g exression

L TR ——— ST .
- B T N






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Single-cell RNA and transcriptome sequencing profiles identify immune-associated key genes in the development of diabetic kidney disease

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Data acquisition

          



          		

            2.2 Single cell analysis

          



          		

            2.3 Ligand-receptor interaction analysis

          



          		

            2.4 WGCNA analysis

          



          		

            2.5 Gene function enrichment analysis

          



          		

            2.6 Immune cell infiltration analysis

          



          		

            2.7 GSEA analysis

          



          		

            2.8 Gene Set Variation Analysis (GSVA)

          



          		

            2.9 Enrichment of transcription factors motifs related to the key genes

          



          		

            2.10 The clinical prospective cohort design and sample collection

          



          		

            2.11 ELISA Validation

          



          		

            2.12 Immunohistochemistry (IHC)

          



          		

            2.13 Western blot

          



          		

            2.14 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Preprocessing of single-cell expression profiling data

          



          		

            3.2 Single-cell sample subtype clustering analysis

          



          		

            3.3 Annotation of cluster subtypes

          



          		

            3.4 Analysis of receptor-ligand relationship pairs

          



          		

            3.5 Analysis of differential expression by RNA-seq

          



          		

            3.6 Co-expression modules of DKD and functional enrichment of modular genes

          



          		

            3.7 Screening and verification of key genes.

          



          		

            3.8 Assessment of immune infiltration levels

          



          		

            3.9 Analysis of the correlation between key genes and immune infiltration

          



          		

            3.10 GSEA analysis of key genes

          



          		

            3.11 Regulatory network analysis of key genes

          



          		

            3.12 The study of disease gene expression levels

          



          		

            3.13 Verification of key genes in clinical population

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-14-1030198-g003.jpg
tSNE_2

20

o%% oo o

LX)

o

B
pc2

BT

o

i ot o
PC3

o

0

20

coNoarwNaO

T

)

Eo

T

Standard Dovation






OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-14-1030198-g009.jpg
Pear
SRR @ . o o o - o - ° Oﬂgv‘:'s"‘“’“
Mo
2 oo
<§PDE1A ° e o e o ° o o | M™®
2
SU @ e . ® o e - e o °
w‘ﬁ“@we,‘f;@:",o:;@“@ &'MM‘““@ u*‘@\“‘ “\w“a@ o ‘KLB&:‘W ‘o’&fé
oA ox o“‘y“’“@ﬂe y‘;’;ie Rt
c . d,,,;ﬁ& B 0.,«&“
<
Cibersort
o s 8 B
- P
o Corn
= e L]
[
CIPSFFPF TSI IP PSP PIFP P Is
chemokine-related genes.
ol
®
gpnm
2
sum
& y@gaﬁﬁyfﬁf*&ﬁ&f
Immunoinhibitor-related genes
“ ‘ “
2 o .
i S
e #
an| 3 o

VRNV RV N R ARV VR Y R YRR XY

Imnostmuzr-elled enes

crn =
PoEiA =
suma.

S B P S P P P

receptor—related genes

N t h

] l
& £

«#‘;9 ¢ :
eify»ryf *’*’”«""”‘yyyggy

MHC—reIﬂled genes

KeyGene

pearson

Cometanon

Moz
om0
“ozs
o

KeyGene






OEBPS/Images/fimmu-14-1030198-g007.jpg





OEBPS/Images/fimmu-14-1030198-g004.jpg
tSNE_2

20

20

Stromal cells
Endothelial cells
NKT

Beells
Epithelial cells
Neutrophils

[a]eF
Macrophages

1.00

0.7

a

Ratio
o
o
3

0.25

0.00

@“

&\\f, 00 a\\e

‘(\

©
g \“z
\\'z’ \\

Q«v

2

&
°Qu
F°

0”//'

&

66{1\ d?}\e

&

73
o
=
S
@

(GSM3823939-control-s1-exon
(GSM3823940-control-s2-exon
(GSM3823941-control-s3-exon
(GSM3823939-control-s1-inex
(GSM3823940-control-s2-inex
(GSM3823941-control-s3-inex
(GSM3823939-control-s1-intron
(GSM3823940~-control-s2-intron
(GSM3823941-control-s3-intron
(GSM3823944-diabetes-s3-intron
(GSM3823943-diabetes-s2-intron
(GSM3823942-diabetes-s1-intron
(GSM3823944-diabetes-s3-inex
(GSM3823943-diabetes-s2-inex
(GSM3823942-diabetes-s1-inex
(GSM3823944-diabetes-s3-exon
(GSM3823943-diabetes-s2-exon
(GSM3823942-diabetes-s1-exon





OEBPS/Images/fimmu-14-1030198-g010.jpg
CFH

1 i

B PDE1A

Enchment Scara

= GO REGULATIONOF_SGNAL_TRAYSOUCTION.5Y_Pes_CORSTY

AN T I A

Enichment Score

SLIT3

s STor e

= Koo peronEoNE

Enrehment Scare

s o erpresean

— KGO, FoCAL ADHESION
= KGO PROMNOATE WETABOLSM

Enehment Score

o s

v ' ] | I | ! ] |

AN Ve W ) / YR ANTEE v L . TR AT 11 ; fu ! iyl

o s oo g oo o a0 B Y o v e oo oot wlpy oo o o) N |

vl g Ly ity by o ) [T mad Ll . 01 LL TR R AR RUTLLT IR A
o i e e e

A T

« - e e





OEBPS/Images/fimmu-14-1030198-g001.jpg
!

!

single cell analysis

Cluster Dendrogram

immune cell infiltration

(@ @

v

&

@

Transcription factor prediction |

3





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-14-1030198-g012.jpg
Expression level

SUTS Expossion

INSR Expresion

8

6

Tissuo B Gontrol (41 OKD

cor= 0657

pualug= 2e-16

°
000

SLIT3

PDE1A CER

PDETA Exprssion

HNFIB Expresson

cor= 056
palue- 1e-11






OEBPS/Images/fimmu.2023.1030198_cover.jpg
& frontiers | Frontiers in Immunology

Single-cell RNA and transcriptome
sequencing profiles identify
immuneassociated key genes in the
development of diabetic kidney disease





OEBPS/Images/fimmu-14-1030198-g002.jpg
st s s ot o

Cluster Dendrogram

o Scale indopendence Woan connectity "
) T 7 .
of 3a] s N s
g5 2
e ] .
£°7: ! i,
Y H : 3
¥ F 1 8
H isg 2
Su a °
Be o R
; ‘ 81 3
§ el ° #5678 sronmzssremeren| —
s ow s o s w0 owow
‘Soft Threshold (power) ‘Soft Threshold (power) e

D Module-trait relationships

F g
ottt P

Mebroun| oo ks

o
MEtan

MEwrguoe
WEpupe

MEpelon
(o e

Wegreen s s ey
Ent T N—
—
e
r—
e
seae R
S A

naledlOsAscoe
twskoe of QSR Sc0re





OEBPS/Images/fimmu-14-1030198-g006.jpg
‘Comp 2: 9% variance:

D

15

100

Comp 1: 87 6% variance.

wogental sstem deveipment

p—
o0l system deveiopment b
ey devsiopment
leukooyts chamosacs
colagen-containing
exraealaa mars v

ternal s o pasma

momane e

patlt soha granule 2 M.

‘ndepasmic eticuium umen e

it apha granul umon

axtacoluia matr
sinctral conshuan

neparin bining
dycosaminoghcan binding
sl compound binding-
protecgyean inding-

AGE-RAGE sgnaing paty
n dabstec complesions|

Complement an cosgulatin
Vi proein i Sion

Wi s 33 ke
recepc|
ECU-recaporneacton

Drug metasoism - cyochrome
i

Focalachesion
PraK-Akt sgnaing paty

PPAR signalngpathvay

Gykine-ctokne receptor
icachon

Staphyocosous surus
emon

Tyrosie metaolsm
Croestars matatoiem

Proteindgeston and
Sheapton

Phenyaanine metabosm

before PCA Combat PCA for combined expression profile
i 7
4 i 5
: i =
i 3
8
[ cssroon-crieseo 4 o
I GSEiotaae-cpizaass < I {&SElormas-cpizaoss
- GeEioisis-crisiize 74 = (GeEiommis-crisiize
é . SStioms-omsn St onien
|5 Gecassoacpiirses P 5 (GStasson-apiirses
20 o 00 0 - 2 o 2

Gomp 1: 24.6% variance

3

B

padus






OEBPS/Images/fimmu-14-1030198-g008.jpg
0. W sosisrae B el et
H Sodrenay s
8 Pama s Memgtagesii
4 I reescos Macrghages it
&usa Imcrmm Macrphages i
° Tels eyt ] Dodcclsesig
2 vt Femasad
I Tolstiotdpr [ Mg
& TedlsngioryTes) [ Nttt

02, Talsgmaeta Espts

Moy N tesmpts
000.
B Tisue B Comol 5 00

Fraction

03

oz

ol ®

Ll TRl
ey CSEPLESS SIS
e ‘{i::; £ ,*f; Vg A f;{f’f f;j ey 4

R

C

Neutrophils| -
Eosinophils

Mast cells activated

Mast cells resting

Dendritic celis activated

Dendritic cells resting|

Macrophages M2.

Macrophages M1

Monocytes!

NK cells activated

NK cells resting

T cells gamma delta

T cells regulatory (Tregs)

T cells follicular helper.

T cells CD4 memory activated

T cells D4 memory resting

T cells CD4 naive

T cells CD8

Plasma cels

8 cells memory.

5 cells naive,

, e Wt
LTI UCIA AT, b
L = o

.

S
¢
response to chemokine
regulation of response to cytokine stimulus
regulation of humoral immune response.
regulation of cytokine-mediated signaling pathway
regulation of chemokine-mediated signaling pathway-
negative regulation of response to cytokine stimulus
negative regulation of cytokine-mediated signaling pathway-

chemokine-mediated signaling pathway-

cellular response to chemokine

000 025 050 075 1.00
o ooand

padjust
o045

o040

o038





