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Background: Chronic kidney disease (CKD) and diabetic nephropathy (DN) represent significant renal health challenges, with 
overlapping pathogenic mechanisms. This study evaluated shared biomarkers in CKD and DN through single-cell sequencing, aiming 
to identify potential diagnostic and therapeutic targets and provide new insights into their common pathogenesis.
Methods: In this study, single-cell RNA sequencing was performed on nine columns of human blood samples, including three control 
cases, three CKD cases, and three DN cases. Following sequencing, single-cell analysis was conducted to identify different cell types. 
Differential expression analysis was then performed to compare the disease samples (CKD and DN) with control samples, resulting in 
the identification of differentially expressed genes (DEGs). The intersection of DEGs between the disease samples and the control 
samples was extracted, and a Protein-Protein Interaction (PPI) network was constructed using these intersecting genes, with 
biomarkers identified through the STRING database. Additionally, Gene Set Enrichment Analysis and GeneMANIA were applied 
to explore the potential mechanisms underlying these biomarkers.
Results: Findings revealed elevated IRF7 expression within dendritic cells (DC), while MX1 showed specifically elevated expression 
in both DN and CKD samples. MX1 and IRF7 exhibited notable high expression in DC. Four biomarkers were all enriched in the 
Oxidative Phosphorylation pathway in CKD, and in DN, they were all enriched in the FcγR Mediated Phagocytosis pathway. STAT1 
and ISG15 were widely expressed across macrophages, monocytes, NK cells, and NK T cells. In conclusion, the four biomarkers were 
expressed differently in the disease and control groups of different immune cells.
Conclusion: Our study successfully identified MX1, IRF7, STAT1, and ISG15 as shared biomarkers in CKD and DN, revealing their 
distinct expression patterns and potential roles in disease mechanisms.
Keywords: chronic kidney disease, diabetic nephropathy, gene set enrichment analysis, pseudotime, single-cell RNA-sequencing

Introduction
The global prevalence of chronic kidney disease (CKD) has been rising steadily, currently affecting approximately 10.8% 
of the total population.1 CKD is characterized by abnormalities in kidney structure or function persisting for over 3 
months, affecting overall health. A key indicator is a glomerular filtration rate (GFR) of less than 60 mL/ (min·1.73 m²), 
accompanied by at least one of the following markers of kidney injury: albuminuria, abnormal urinary sediment (eg, 
hematuria), electrolyte disturbances due to renal tubule dysfunction, histological abnormalities, structural changes in 
imaging, or a history of kidney transplantation.2 CKD often presents gradually, with subtle or atypical symptoms in the 
early stages, making timely detection challenging. At onset, typical indicators include hypertension, hyperglycemia, and 
microalbuminuria, which are not highly sensitive to standard diagnostic tests, contributing to a poor clinical prognosis.

As the condition advances, it can evolve into nephrotic syndrome, chronic nephritis, or acute nephritis, with some 
patients progressing to end-stage renal disease (ESRD). The long waiting period for kidney transplantation, due to 
limited donor availability, results in many patients with ESRD relying on dialysis for survival. Over 60% of these 
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patients undergo dialysis for more than a year, with approximately 23% needing long-term dialysis for over 3 years.3 

This not only imposes a significant physiological, psychological, and financial burden but also affects the quality of life.
Treatment for CKD primarily focuses on slowing nephron damage, managing hyperfiltration, addressing complica

tions, and providing renal replacement therapy. However, hemodialysis often leads to poor functional outcomes, 
including uremia-related malnutrition and muscle wasting, and carries risks of infection and vascular complications, 
further compromising patient quality of life. While kidney transplantation offers improved quality of life, recipients face 
persistent CKD-related symptoms and complications from immunosuppressive therapies.4 Consequently, more effective 
and scientifically-based methods are needed for the diagnosis and treatment of CKD.

Diabetic nephropathy (DN) is a common and serious microvascular complication of diabetes, particularly prevalent in 
type 2 diabetes mellitus (T2DM), primarily induced by hyperglycemia. Its clinical manifestations include proteinuria, 
progressive renal dysfunction, hypertension, and edema. In China, approximately 20% to 40% of patients with diabetes are 
affected by DN, with most cases in the early, asymptomatic stages.5 Current research suggests that the pathogenesis of DN 
is closely associated with hyperglycemia, the accumulation of advanced glycosylation end products, as well as inflamma
tory and immune responses.6 Currently, DN has surpassed glomerulonephritis as the leading cause of new cases of CKD in 
China.7 As DN advances, patients face an increased risk of developing CKD due to factors such as RAAS activation and 
microvascular damage induced by sustained hyperglycemia and hypertension.8 Early screening and prompt diagnosis of 
DN are essential to prevent progression to CKD and end-stage nephropathy. However, the precise mechanisms by which 
DN contributes to CKD remain unclear. Thus, studying DN is vital not only for understanding the underlying mechanisms 
of CKD but also for identifying new therapeutic targets for both DN and CKD prevention and treatment.

Single-cell RNA sequencing (scRNA-seq) is a cutting-edge high-throughput sequencing technique that enables the 
analysis of gene expression profiles at the single-cell level. By analyzing cellular composition, gene enrichment path
ways, and intercellular communication, scRNA-seq offers insights into the underlying pathological processes of diseases. 
Recently, scRNA-seq has gained widespread use due to its sensitivity, accuracy, and efficiency. Unlike traditional 
sequencing methods, scRNA-seq enables detailed analysis of the cellular spectrum, identification of specific cell types, 
and mapping of gene expression patterns in heterogeneous cell samples. This allows for the study of gene expression at 
the single-cell level, providing a microscopic view of disease progression.9 The application of scRNA-seq in kidney 
research is promising, as it enhances understanding of cellular heterogeneity in CKD and DN, as well as identifying the 
potential mechanisms between these conditions. Additionally, scRNA-seq can help elucidate the correlation between 
CKD and DN, offering valuable insights for identifying biomarkers that can predict disease progression and inform 
patient-specific treatment strategies.10

In this study, biomarkers associated with DN and CKD were identified through single-cell analysis, differential 
expression analysis, and protein-protein interaction (PPI) network construction. A comprehensive bioinformatics 
approach was utilized, including cell communication analysis, pseudotime series analysis, and gene set enrichment 
analysis (GSEA). The mechanisms of these biomarkers were examined, with an emphasis on key cell types and immune 
responses in patients with DN and CKD. This research provides a theoretical foundation and novel perspectives for 
studying disease associations, advancing diagnostic methods, and identifying therapeutic targets. Additionally, cellular- 
level validation of biomarker expression offers valuable insights for distinguishing between these two conditions.

Materials and Methods
Single-Cell RNA-Sequencing
Nine blood samples were collected for scRNA-seq, including three control samples, three CKD samples (All were stage 
5 chronic kidney disease), and three DN samples (One sample was stage 4 chronic kidney disease, and the rest were stage 
5 chronic kidney disease, and all were stage 5 diabetic nephropathy). Sample grouping information is shown in 
Supplementary Table 1.

Patients with DN were selected based on the 2020 Kidney Disease: Improving Global Outcomes (KDIGO) 
Guidelines, using the following criteria: (1) A urine albumin-creatinine ratio (UACR) of ≥ 30 mg/g, measured at least 
twice over a 3 to 6-month period, with other factors excluded; (2) An estimated glomerular filtration rate (eGFR) of < 
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60mL • min-1 • (1.73 m2) −1 persisting for more than 3 months; (3) Renal biopsy results indicating pathological changes 
consistent with DN. Patients with CKD met the 2020 KDIGO Guidelines for CKD diagnosis in the absence of diabetes. 
The exclusion criteria were: (1) Severe infections; (2) Malignant tumors; (3) Active autoimmune diseases; (4) Concurrent 
cardiovascular or cerebrovascular events; (5) Pregnancy. This study was approved by our hospital’s Ethics Committee, 
and informed consent was obtained from all participants.

Chronic Kidney Disease is classified into stages based on GFR and albuminuria, as outlined by the KDIGO 
guidelines. The KDIGO 2012 Classification includes: Stage 1: GFR ≥ 90 mL/min/1.73 m² with evidence of kidney 
damage (eg, albuminuria, structural abnormalities, or genetic disorders); Stage 2: GFR 60–89 mL/min/1.73 m² with 
kidney damage; Stage 3a: GFR 45–59 mL/min/1.73 m²; Stage 3b: GFR 30–44 mL/min/1.73 m²; Stage 4: GFR 15–29 
mL/min/1.73 m²; Stage 5: GFR < 15 mL/min/1.73 m² or kidney failure requiring dialysis/transplantation.11

DN progression is classified based on GFR and albuminuria, integrating criteria from both diabetes and CKD 
guidelines. The KDIGO framework is widely used, with modifications specific to Diabetic Kidney Disease. Stage 1: 
GFR > 90 mL/min/1.73 m² (elevated due to renal hyperfiltration), early glomerular hypertrophy and hyperfiltration; Stage 
2: GFR normal or mildly elevated (≥ 90 mL/min/1.73 m²), persistently elevated albumin-to-creatinine ratio (ACR 30–300 
mg/g, moderately increased), kidney structural damage (eg, glomerular basement membrane thickening); Stage 3: GFR 
60–89 mL/min/1.73 m² (CKD Stage 2), ACR ≥ 300 mg/g (severely increased), with clinical signs of hypertension and 
progressive proteinuria; Stage 4: GFR 15–59 mL/min/1.73 m² (CKD Stages 3–4), persistent ACR ≥ 300 mg/g, 
complications include declining kidney function, edema, and cardiovascular risks; Stage 5: kidney failure, GFR < 15 
mL/min/1.73 m² (CKD Stage 5), requiring dialysis or transplantation.12

Peripheral blood mononuclear cells (PBMCs) were isolated from peripheral blood samples using Ficoll density 
gradient centrifugation. Cell viability, assessed using AO/PI double fluorescent staining on a Countstar Rigel (S2) 
instrument, was required to exceed 85%. Following quality inspection, the single-cell suspension met the quality control 
criteria and proceeded with library construction, adhering to the SOP “ChromiumNextGEMSingleCell3_3.1_rev_d” from 
10x Genomics. The Illumina Nova-seq 6000 PE150 platform was employed for sequencing the single-cell library.

Data Filtering
Sequencing data were initially examined for data volume, sequencing base quality, and sequencing saturation, followed 
by sequence statistics analysis using CellRanger (v 7.0).13 Single-cell analysis was then conducted on the RNA- 
sequencing dataset using the Seurat package (v 3.1.5).14 A Seurat object was created with parameters min.cells = 100 
and min.features = 100 to filter out low-quality cells. Next, the scDblFinder package (v 1.17.2) was applied to identify 
and eliminate doublet cells.15 Cell screening criteria were as follows: library size exceeding 500 but below the 95th 
percentile (10,000 cells), gene counts below the 95th percentile (10,000 cells), and mitochondrial content restricted to 
less than 10%. Gene expression in each cell was normalized using the LogNormalize method.

Principal Component Analysis (PCA) and Cell Annotation
The FindVariableFeatures function with the variance-stabilizing transformation (vst) method was employed to identify 
genes exhibiting significant variation across cells. From this analysis, the top 2000 genes with the highest variability were 
selected. To minimize the effects of differing sequencing batches, data from the nine samples were integrated. The 
FindIntegrationAnchors function was used to identify anchors from a set of Seurat objects, and the IntegrateData function 
was then applied to merge the samples based on these anchors. PCA was applied to scale and reduce the data 
dimensionality. Principal components (PCs) with higher rankings in PCA encapsulate more diverse and valuable 
differential features. An elbow plot was constructed to identify the appropriate number of PCs for clustering analysis. 
Cells were clustered in an unsupervised manner using the FindNeighbors and FindClusters functions (resolution = 1). 
t-distributed stochastic neighbor embedding (t-SNE) was used to visualize cell clusters. Marker genes for each cluster 
were identified and annotated by comparing them with known cell type marker genes from the CellMarker database 
(http://biocc.hrbmu.edu.cn/CellMarker/) for cell annotation. A bar chart illustrating cell proportions across samples was 
generated to represent the distribution of cells within each sample.
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Cell Correlation Analysis
The relationship between different cells in the PCA space was examined by constructing cluster dendrograms based on 
PCA dimensions, with the aim of analyzing the Euclidean distances between the cells. Additionally, the correlation 
among various cell types was evaluated using the average gene expression data.

GSEA and Gene Set Variation Analysis (GSVA)
Differential expression analysis was conducted for each cell type, comparing control samples with DN and CKD 
samples. The log2FoldChange (FC) values for each gene were sorted in descending order for each cell type. GSEA 
was then performed using the clusterProfiler package (v 3.16.0), with the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) gene set as the background (|Normalized Enrichment Scores (NES)| > 1, NOM p < 0.05).16 The GSVA package 
(v 1.46.0) was used to compute GSVA scores across all samples for different cell types based on the h.all.v2022.3.Hs. 
symbols.gmt gene set.17 The limma package (v 3.54.0) was then applied to assess the statistical significance in pathway 
differences between control samples and CKD or DN samples (p < 0.05).18

Cell Communication and Pseudotime Analysis
CellPhoneDB analysis was performed separately on the control, CKD, and DN samples. The receptor-ligand pairs were 
filtered with a threshold of p < 0.05 and a minimum mean expression value > 1. Key cells were selected based on 
annotated cell types according to literature reports.19,20 To examine the differentiation status of key cells at different 
periods, pseudotime analysis was conducted using Monocle (v 2.14.0), providing insights into the progression of cellular 
differentiation over time.21

Identification of Candidate Genes
To identify candidate genes, differentially expressed genes (DEGs) in key cell types were compared between control and 
DN samples, and between control and CKD samples. DEGs were selected based on the following criteria: |average 
log2FC| > 0.25, pct > 0.1, and adj.p < 0.05. The DEGs identified between control and DN samples were designated as 
DEGs1, while those between control and CKD samples were designated as DEGs2. A Venn diagram tool (http:// 
bioinformatics.psb.ugent.be/webtools/Venn/), was used to find the intersection of DEGs1 and DEGs2, resulting in a 
list of candidate genes shared by both DN and CKD groups. Gene Ontology (GO) and KEGG pathway analyses were 
subsequently performed using the clusterProfiler package (v 3.16.0) to investigate the shared functions and pathways of 
these candidate genes.16

PPI Network Analysis
To explore interactions among candidate genes, a PPI network was constructed using the STRING database (https:// 
string-db.org) with a confidence threshold of 0.4. Proteins not connected from the main network were excluded, allowing 
the focus to remain on the hub genes. The MCODE function in Cytoscape (v 3.10.1) was then used to analyze sub- 
networks of these hub genes, specifically highlighting the TOP1 sub-network based on the following parameters: degree 
cutoff = 2, node score cutoff = 0.2, K-core = 2, and max depth = 100).22 The CytoHubba plugin was used to rank hub 
genes according to four scoring methods (MCC, MNC, Closeness, and Degree). The top 10 genes from each scoring 
method were selected and genes that consistently appeared across all four methods were designated as biomarkers.

Enrichment Analysis and Gene Co-Expression Network of Biomarkers
The correlation coefficients between gene expression in the control versus DN samples and control versus CKD samples 
were calculated and ranked. This ranking allowed for further GSEA analysis with thresholds set at (|NES| > 1 and adj.p < 
0.05). GO and KEGG gene sets were used as background for this analysis. The GeneMANIA database (http://genemania. 
org) was employed to predict genes that interact with the biomarkers and explore their associated biological functions, 
facilitating the construction of a gene co-expression network.
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To investigate the activity of upstream pathways associated with the biomarkers, their corresponding pathways were 
retrieved using the SPEED2 database (https://speed2.sys-bio.net/). The activities of these enriched upstream pathways 
were quantified using the Bates test and subsequently ranked.

Biomarker-Drug-Disease Network
The Comparative Toxicogenomics Database (CTD) (http://ctdbase.org/) was used to predict drugs targeting the biomar
kers and to screen relationship pairs in human species. Additionally, the CTD database provided the diseases associated 
with the identified drugs, which were then visualized in a biomarker-drug-disease network.

Expression Analysis of Biomarkers
The “polygenic query” function in GTEx (v 8, https://www.gtexportal.org/home/) was utilized to analyze the expression 
of biomarkers across different cells and tissues. The expression levels of biomarkers in the annotated cells were assessed, 
followed by a comparison of expression differences between the control, CKD, and DN groups. Additionally, the 
expression patterns of biomarkers were analyzed throughout pseudotime based on previous pseudotime analysis results.

Statistical Analysis
Data processing and analysis were performed using R software (version 4.2.1). In the bioinformatics analysis, the 
Wilcoxon rank-sum test was used to examine the differences between the 2 groups. A P-value less than 0.05 was 
regarded as statistically significant. In addition, the bioinformatics tools and databases used in this study are shown in 
Supplementary Table 2.

Results
Annotation of 10 Cell Types
The quality of sequencing was assessed, with a Q30 value for all samples exceeding 74%, and the Q20 value surpassing 
82% (Supplementary Table 3). Moreover, the sequencing saturation for all samples was greater than 81%, with a 
mapping rate of over 85% (Supplementary Tables 4 and 5). These results confirm that the sequencing quality of all 
samples was high, making them suitable for further analysis. After filtering out low-quality cells, the initial cell count of 
61,935 was reduced to 28,938 (Supplementary Figure 1). To minimize computational load, the top 2000 most variable 
genes were selected for PCA (Supplementary Figure 2). The genes from the top nine PCs are shown in Figure 1A, and 
the top 20 PCs, chosen based on the elbow plot, were used for unsupervised clustering (Figure 1B). A total of 27 clusters 
were identified, and 10 cell types were annotated: natural killer (NK) T cells, T cells, NK cells, monocytes, B cells, 
macrophages, mast cells, dendritic cells, and plasma cells (Figure 1C and D, Supplementary Figure 3). T cells, NK T 
cells, and monocytes were most prevalent across the samples (Figure 1E).

Pathway Similarities Between CKD and DN Across Cell Types
The dendrogram showed that cells in close proximity demonstrate higher similarity. Notably, NK cells and NK T cells 
showed a greater degree of similarity to each other, followed by a closer resemblance to T cells (Figure 2A). A strong 
positive correlation was also observed between NK cells and NK T cells (Figure 2B). The DEGs in dendritic cells 
between control and CKD as well as DN samples were enriched in pathways such as the proteasome, endometrial cancer, 
and apoptosis. In macrophages, the NOD-like receptor signaling pathway was the enriched pathway, while oxidative 
phosphorylation, non-alcoholic fatty liver disease, and valine, leucine, and isoleucine degradation were the key pathways 
in mast cells. The enriched pathways for the nine cell types are shown in Supplementary Figure 4 Plasma cells from DN 
samples were not analyzed due to an insufficient sample size). Significant differences were observed in most pathways 
between DN and normal samples in T cells, NK T cells, monocytes, B cells, and NK cells. Similarly, notable pathway 
differences were found between CKD and control samples in T cells, NK T cells, monocytes, and NK cells. The pathway 
activities in T cells, NK T cells, monocytes, and NK cells were found to be elevated in both CKD and DN, with similar 
activation patterns suggesting a resemblance between the two conditions (Figure 2C and D).
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Disruption and Imbalance of Cell Communication in DN and CKD
Cell communication patterns varied markedly between conditions, with a significant increase in cell communication 
frequency observed in CKD compared to the control group, while the frequency of cell communication was significantly 
reduced in DN (Figure 3A–F). This indicates that the occurrence of DN and CKD may be associated with disruptions and 
imbalances in cell communication.

Identification of 119 Candidate Genes Associated with Both CKD and DN
Analysis of myeloid cell subtypes, including monocytes, macrophages, mast cells, and dendritic cells, identified these as key 
cell types involved in both CKD and DN. Differential expression analysis revealed 297 DEGs (DEGs1) between the control 

Figure 1 Continued.
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and CKD samples and 277 DEGs (DEGs2) between the control and DN samples in these cell types (Figure 4A and B). Upon 
intersecting these datasets, 119 candidate genes associated with both CKD and DN were obtained (Figure 4C). The 
involvement of these candidate genes in disease was linked to several KEGG pathways, such as viral life cycle, measles, 
malaria, and B cell receptor signaling. Additionally, GO functions related to these genes included negative regulation of MAP 
kinase activity, toll-like receptor 4 signaling pathway, immunological synapse, platelet alpha granule lumen, amyloid-beta 
binding, and chemokine receptor binding (Figure 4D and E).

MX1, IRF7, STAT1, and ISG15 Were Identified as Biomarkers
From the initial 119 candidate genes, 21 genes corresponding to discrete proteins were excluded, resulting in a PPI 
network consisting of 98 proteins (Figure 5A). The top subnetwork identified by the MCODE function included 25 nodes 
and 267 edges, revealing strong interactions among the proteins (Figure 5B). By intersecting the top 10 genes obtained 
from the MCC, MNC, Closeness, and Degree scores in the cytoHubba plugin, four biomarkers were identified: MX1, 
IRF7, STAT1, and ISG15 (Figure 5C). A gene co-expression network was constructed, identifying 20 genes interacting 
with these biomarkers, primarily involved in functions such as response to type I interferon, cellular response to type I 
interferon, and viral response (Figure 5D). Additionally, pathway analysis showed that the JAK-STAT, TLR, and TNFa 
signaling pathways displayed elevated biological activity, while the Hippo and Wnt pathways showed down-regulation in 
their activities (Figure 5E).

Lysosome Pathway Enrichment of MX1, IRF7, STAT1, and ISG15
To further explore the functions and pathways associated with the identified biomarkers, GSEA analysis was conducted. 
The results indicated that MX1 was enriched in pathways such as lysosome, degradation of other glycans, and 
glutathione metabolism in both CKD and DN (Supplementary Figure 5A and B). IRF7 showed involvement in 
lysosome-related processes, and was additionally enriched in pathways associated with Vibrio cholerae and 
Leishmania infections in both CKD and DN (Supplementary Figure 5C and D). STAT1 was linked to lysosome, insulin 
signaling pathway, Fc gamma R (FcγR)-mediated phagocytosis, and other pathways across CKD and DN 
(Supplementary Figure 5E and F). Lysosome, systemic lupus erythematosus, glutathione metabolism, and other pathways 

Figure 1 Annotation of cluster subtypes and unsupervised clustering analysis of single-cell samples. (A and B) PCA analysis and elbow plot for determining the optimal PCs. (C and 
D) Heatmap of cell clustering based on genes involved in t-SNE dimensionality reduction across the samples. (E) Proportion of cell clusters in control, DN, and CKD samples. 
Abbreviations: PCA, Principal component analysis; PCs, Principal components; t-SNE, t-distributed stochastic neighbor embedding; DN, Diabetic nephropathy; CKD, 
Chronic kidney disease.
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were enriched by ISG15 in both CKD and DN (Supplementary Figure 5G and H). All biomarkers showed enrichment in 
the lysosome pathway. Moreover, in CKD, MX1, IRF7, STAT1, and ISG15 were all enriched in the oxidative 
phosphorylation pathway. In DN, they were all enriched in the FcγR mediated phagocytosis pathway. In addition, a 
biomarker-drug-disease network was constructed, comprising 165 nodes, including the four biomarkers, 151 drugs (eg, 
acetylcysteine, acrolein, and alpha-pinene), and 10 diseases (eg, diabetes mellitus, diabetes complications, and diabetic 
angiopathies), with a total of 635 interaction pairs (Supplementary Figure 6).

Figure 2 CKD and DN samples enriched in pathways of nine cell types. (A) Clustering tree diagram. (B) Heatmap showing cell correlation. (C and D) GSVA analysis of cell 
subgroups between the control and CKD groups, and the control and DN group groups. 
Abbreviations: CKD, Chronic kidney disease; DN, Diabetic nephropathy; GSVA, Gene set variation analysis.
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Figure 3 Disrupted and imbalanced cell communication in DN and CKD. (A, C, E) Heatmaps displaying the relationship between the selected CKD and DN genes and their corresponding expression pathways in the control group, 
along with changes in gene expression levels. (B, D, F) Cell communication trajectories for control, CKD, and DN samples. 
Abbreviations: DN, Diabetic nephropathy; CKD, Chronic kidney disease.
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Figure 4 Screening of key genes. (A and B) Manhattan plots illustrating differentially expressed genes across each chromosome for CKD vs control and DN vs control, respectively (left to right). The y-axis represents -log10(p) values, 
and the x-axis represents chromosomes, visualizing gene expression across the genome. (C) Intersection of candidate genes relevant to both CKD and DN. (D) KEGG and GO analysis of candidate genes. (E) Bubble plot showing 
distinct enrichment items, with each node representing a specific biological function. KEGG pathways identified include viral life cycles, viral protein-cytokine receptor interactions, measles, B-cell receptor signaling, African 
trypanosomiasis, malaria, phagosome, cell adhesion molecules, antigen processing and presentation, and hematopoietic cell lineage. 
Abbreviations: DN, Diabetic nephropathy; CKD, Chronic kidney disease; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology.
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Figure 5 Associations between key genes and biomarkers in the sample. (A and B) Interaction analysis of 119 candidate genes using a PPI network constructed using 
STRING (https://string-db.org), with a confidence score of 0.4, identifying 21 discrete proteins and a network comprising 98 interacting proteins. The network contains 98 
nodes and 569 edges, visualized using Cytoscape (version 3.10.1). (C) Biomarker identification through MCC, MNC, Closeness, and Degree scores using the cytoHubba 
plugin, examining the expression activity of four biomarkers across 16 major cell communication signaling pathways. (D) GeneMANIA network analysis, displaying the four 
biomarker genes in the inner circle, with the outer circle showing other genes related to them. Each gene color denotes its biological pathway, with a high correlation density 
indicating essential biological functions and significant interactions with other genes. (E) Upstream pathway analysis of the biomarkers. 
Abbreviations: PPI, protein-protein interaction; MNC, Maximum Neighborhood Component; MCC, Maximal Clique Centrality; STRING, Search Tool for the Retrieval of 
Interacting Genes/Proteins.
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Elevated Expression of MX1 and IRF7 in Dendritic Cells
The expression levels of the biomarkers MX1, STAT1, and ISG15 were highest in the neuronal cells of the esophagus 
muscularis, while expression data for IRF7 was unavailable (Figure 6A). The expression levels of the biomarkers in each 
cell type across different group samples (control, CKD, DN) are shown in Figure 6B. IRF7 showed high expression in 
dendritic cells in all samples, and MX1 exhibited elevated expression specifically in dendritic cells, particularly in DN 
and CKD samples (Figure 6C). In contrast, STAT1 and ISG15 were widely expressed in macrophages, monocytes, NK 
cells, and NK T cells. Notably, these four biomarkers showed significant differential expression in NK cells, T cells, B 
cells, and NK T cells (Figure 6D–G). The pseudotime analysis highlighted that the significantly elevated expression of 
MX1 and IRF7 in dendritic cells is associated with myeloid cells differentiation into dendritic cells (Figure 7A–G).

Discussion
T2DM and CKD are both widespread chronic diseases. The most common microvascular complication of T2DM is DN, 
which is the leading cause of CKD.23 Currently, the diagnosis of these two conditions relies on traditional markers such 
as estimated glomerular filtration rate (eGFR), urinary albumin measurement, and creatinine levels, especially in the 
absence of renal biopsy.24 Early diagnosis of CKD and DN is often subjective due to the lack of non-invasive 
biomarkers.25 This limitation complicates the design of clinical trials, impeding efforts to identify effective treatments, 
facilitate early detection, and ensure timely diagnosis. Additionally, reducing cardiovascular mortality and slowing the 
progression to ESRD remain significant unmet medical needs for patients with CKD and DN.26

This study offers new insights into the molecular mechanisms underlying DN and CKD, by identifying common 
biomarkers and exploring the biological processes involved. Using scRNA-seq technology, we analyzed cell-specific 
gene expression changes across control, CKD, and DN groups, identifying differentially expressed genes within distinct 
cell subpopulations. Through further examination of the signaling pathways within these cell clusters, this study provides 
a theoretical foundation for understanding biomarkers related to the progression of CKD and DN, their roles in immune 
response, and their potential as therapeutic targets.

In this study, four biomarkers—MX1, IRF7, STAT1, and ISG15—were identified through differential expression 
analysis and the PPI network analysis, showing notable expression in both DN and CKD samples.

Interferon-stimulated gene 15 (ISG15) is a 15kD ubiquitin-like protein induced by the binding of interferon-α (IFN-α) 
to the promoters of interferon (IFN) regulatory factor (IRF) and the interferon-stimulated response element. ISG15 has 
been implicated in several intracellular processes, including autophagy, apoptosis, and signal transduction. As a cytokine, 
it activates Janus kinase (JAK) and the JAK/STAT signaling pathway, which mediates various physiological and 
pathological responses, such as cell proliferation, differentiation, apoptosis, and immune regulation.27 Recent studies 
indicate that JAK/STAT pathway activation exacerbates renal fibrosis and glomerulosclerosis, while ISG15 overexpres
sion contributes to systemic inflammation and CKD.28,29 At the same time, ISG15 can modify viral proteins or host 
proteins, thereby inhibiting viral replication.30 ISG15 modification can directly interfere with the life cycle of the virus.31 

And the resistance of ISG15-deficient cells to paramyxovirus is reduced, indicating their direct antiviral activity.32 In oral 
squamous cell carcinoma, tumor cell-derived ISG15 promotes fibroblast recruitment, promoting tumor growth and 
metastasis through CD11a-dependent glycolytic reprogramming.33 In pancreatic and renal clear cell carcinoma, ISG15 
levels are elevated and high expression is associated with adverse clinical outcomes.34,35 ISG15 can also promote tumor 
cell migration and immunosuppression by inducing the macrophage M2-like phenotype.36 To sum up, ISG15 has shown 
a pleiotropic effect in antiviral immunity, tumor progression and metastasis, and tumor microenvironment regulation. Its 
complex functional mechanism in different pathophysiological processes provides rich and promising research directions 
for the development of prevention and treatment strategies for related diseases.

This study found that MX1 was specifically highly expressed in DN and CKD samples. The MX1 gene encodes an 
interferon-induced protein that is involved in the cell’s antiviral immune response.37 In the context of diabetes, persistent 
hyperglycemia and lipid metabolism disorders may activate MX1, leading to chronic inflammation, which may promote 
pathological changes in DN.38 In CKD, MX1 may reduce the inflammatory response caused by viral infection by 
inhibiting viral replication, thereby producing a protective effect on CKD.39,40 Additionally, the degree of methylation of 
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Figure 6 Connection between expression levels of biomarkers and each cell type. (A) Expression levels of biomarkers across different tissues and cells. (B) Expression 
levels of biomarkers in individual cell types. (C–G) Differential expression of the four biomarkers in each cell type, presented in boxplots. These results show significant 
differences in the expressions of MX1, STAT1, ISG15, and IRF7 in NK cells, T cells, B cells, and NKT cells. *p<0.05, there is evidence of significant difference; **p<0.01; 
***p<0.005; ****p<0.001, with strong evidence of significant difference (P value was used as the standard for figure (D–G) screening of differentially expressed genes). 
Abbreviations: ns, no significant difference.
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Figure 7 Pseudotime analysis showing the differentiation states of cells. Branch points indicate potential decision points in cellular processes. (A–C) Each point represents a 
cell, with cells exhibiting similar cellular states grouped together. Branch points in the pseudotime trajectory indicate potential decision points in the cell’s biological process 
(eg, four branch points in this analysis). Cells are color-labeled according to pseudotime, state, and group. Integrating biomarker expression data, the differentiation states of 
genes related to disease progression can be identified. (D–G) Pseudotime analysis of biomarkers. The results reveal that MX1 and IRF7 genes show significantly higher 
expression levels in dendritic cells, suggesting that MX1 and IRF7 may play a role in the differentiation of myeloid cells into dendritic cells. In contrast, the other two 
biomarkers (STAT1 and ISG15) did not exhibit significant differences in expression, indicating they may have a lesser impact on this differentiation process.
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the MX1 gene promoter is correlated with the severity of COVID-19 and there may be gender differences.41 This 
suggests that the expression level of MX1 can be used as an early indicator of viral infection, and its gene polymorphism 
is also related to the risk of autoimmune disease, and is of great value in the judgment of infection type, individualized 
treatment and disease risk assessment.

Signal transducer and activator of transcription 1 (STAT1) is a cytoplasmic transcription factor activated by various 
stimuli, regulating the human immune system.42 Moreover, STAT1 mediates interferon signaling pathways and plays a 
crucial role in antiviral (eg, HBV, HCV, HIV) and antibacterial (eg, Mycobacterium tuberculosis) immune responses. Its 
phosphorylation levels reflect the progression of infection.43–45 Additionally, STAT1 gain-of-function mutations are 
associated with chronic mucosal skin candidiasis and systemic lupus erythematosus (SLE), while loss-of-function 
mutations lead to severe immunodeficiency.46,47 STAT1 exhibits a dual role in cancer: high expression in prostate and 
breast cancers may indicate a better prognosis, but it may also promote immune escape in some solid tumors.48 These 
findings suggest that STAT1 could serve as a monitoring indicator for infectious disease progression, a molecular 
diagnostic marker for autoimmune diseases, and a potential target for tumor prognosis evaluation. Regulating STAT1 
may provide novel strategies for precise treatment of related diseases.

IRF7 (Interferon Regulatory Factor 7) is a key member of the IRF family, playing a pivotal role in innate immunity 
and antiviral responses.49,50 Studies have shown that IRF7 expression correlates with disease activity in SLE patients, 
with elevated mRNA levels positively correlated with serum IFN levels, IFN scores, and SLEDAI scores.51,52 In acute 
myeloid leukemia, inhibiting TOX exerts anti-tumor effects by upregulating IRF7 expression.53 Furthermore, IRF7 
mediates the transcription of MCP-1, an obesity-related molecule.54 These findings indicate that changes in IRF7 
expression are linked to disease development and may serve as a potential biomarker for diagnosis.

MX1, IRF7, STAT1, and ISG15 are core regulatory molecules in the type I interferon (IFN-α/β) response pathway, 
interacting with each other in complex ways. STAT1, as a central signal node, is phosphorylated by JAK kinase under 
IFN-γ or IFN-α/β stimulation. This results in the formation of a dimer that translocates to the nucleus and directly 
activates IRF7 transcription.55 IRF7, in turn, amplifies IFN-α/β production, creating a positive feedback loop, and 
induces MX1 and ISG15 expression.56 MX1, an antiviral effector protein, relies on the STAT1-IRF7 axis, while 
ISG15 stabilizes STAT1 and IRF7 proteins via ubiquitination (ISGylation) and enhances their transcriptional activity.57 

Additionally, ISG15 regulates MX1 oligomerization through non-covalent binding, impacting its antiviral function.58 In 
CKD and DN, these complex interactions may lead to the oversecretion of pro-inflammatory factors (eg, TNF-α, IL-6) 
and dysregulated cytotoxic immune responses, accelerating tissue damage.

Furthermore, exploring the relationship between MX1, IRF7, STAT1, and ISG15 and traditional renal function 
markers (eg, serum creatinine, urea nitrogen, and urine protein) is valuable. Serum creatinine levels are influenced by 
muscle metabolism and glomerular filtration capacity,59 urea nitrogen reflects protein metabolism and renal excretion 
function,60 and urinary protein indicates impaired glomerular filtration barrier.61 In contrast, MX1, IRF7, STAT1, and 
ISG15 are more involved in immunomodulation and inflammatory response pathways.62,63 In kidney disease progression, 
local inflammation in the kidney and immune cell activation64,65 can alter the expression of these biomarkers. In early 
CKD, the immune-inflammatory response begins subtly, and the expression of MX1, IRF7, etc., may change before 
traditional markers like serum creatinine or urea nitrogen significantly deviate. At this stage, urine protein may also 
remain at critical levels.66–69 This suggests that biomarkers such as MX1 could serve as early warning indicators, 
complementing traditional markers. As the disease progresses and traditional markers become more abnormal, these 
novel biomarkers may increase, providing a more comprehensive basis for disease assessment.

GSEA results indicated that all four biomarkers were enriched in the Oxidative Phosphorylation pathway in CKD, 
while in DN, they were enriched in the FcγR-mediated Phagocytosis pathway. Kidney cells typically rely on Oxidative 
Phosphorylation to maintain physiological functions like reabsorption and secretion, processes requiring substantial 
energy.70 However, in CKD, kidney cell metabolic pathways are altered, and their dependence on Oxidative 
Phosphorylation is enhanced.71 Oxidative Phosphorylation is a major source of intracellular reactive oxygen species 
(ROS). In CKD, metabolic disturbances and inflammatory responses may overactivate this pathway, resulting in 
excessive ROS production.71 Excessive ROS can damage cellular proteins, lipids, and DNA, triggering oxidative stress 
and accelerating renal fibrosis and functional decline.72 FcγR-mediated phagocytosis is crucial for immune function, 
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facilitating the uptake and clearance of phagocytes (eg, macrophages, neutrophils) that recognize target cells or granules 
bound to antibodies.73 In early DN, immune complexes may accumulate in renal tissues, activating the complement 
system and inflammatory responses, thereby exacerbating kidney damage.74 If phagocytosis fails to clear target cells 
completely, residual antigens may continue to stimulate the immune response, leading to chronic inflammation and renal 
fibrosis.75 These findings highlight the differences in enriched pathways between CKD and DN, shedding light on the 
distinct pathogenesis and progression of each disease. This insight is crucial for understanding disease mechanisms and 
developing targeted therapeutic strategies.

This study found that IRF7 expression was elevated in dendritic cells (DCs). In CKD and DN, immune cells like DCs are 
continuously activated during disease progression.76 Plasmacytoid DCs (pDCs) are the primary producers of IFN-I,77 and in 
pDCs, IRF7 expression is regulated by NFATC3, which enhances IFN production.78 Upon stimulation by TLR7 or TLR9, IRF7 
is activated, promoting IFN-α secretion.79 High IRF7 expression in DCs strengthens their antiviral immune response,50,80 

enhances antigen presentation, and regulates the Th1 immune response and inflammatory factor release.81–84 In CKD and DN, 
abnormal IRF7 expression may contribute to disease progression via two mechanisms: excessive activation can cause persistent 
inflammation, macrophage infiltration, and proinflammatory factor release (eg, TNF-α, IL-6), exacerbating fibrosis;38,85,86 

additionally, IRF7 may worsen podocyte damage and glomerular basement membrane thickening under metabolic stress (eg, 
high sugar or glycosylation end product stimulation).87 Notably, the high-sugar environment in DN amplifies IRF7-mediated 
inflammation, creating a vicious “metabolic-inflammatory” cycle.88 Thus, understanding IRF7’s role in DCs provides key 
insights into the pathogenesis of CKD and DN, offering future directions for developing targeted therapies to block disease 
progression.74–77

Our study also highlights that STAT1 and ISG15 are widely expressed in macrophages, monocytes, NK cells, and 
NKT cells. In macrophages, IFN-γ stimulates the phosphorylation of STAT1 by JAK1/JAK2, promoting STAT1 
dimerization, nuclear translocation, and the expression of pro-inflammatory genes such as IRF1 and CXCL10, enhancing 
M1 polarization and antibacterial function.89,90 ISG15 regulates cytokine expression (eg, TNF-α, IL-6) by activating the 
JAK-STAT pathway, modulating immune response intensity.91 In monocytes, STAT1 enhances the inflammatory 
response via the TLR/MyD88 pathway,92 while ISG15 may regulate cell migration and phagocytosis through NF-κB 
signaling.58,93 For NK and NKT cells, STAT1 mediates the IFN-γ feedback loop, promoting granzyme and perforin 
expression,94,95 while ISG15 supports IFN-γ production and cytotoxic function by stabilizing STAT1/STAT4.56,96 Free 
ISG15 also enhances NK cell cytotoxicity via LFA-1 receptors.57 Importantly, STAT1 can compete with STAT3 for DNA 
binding to regulate immune balance, but over-activation may lead to chronic inflammation and is associated with 
autoimmune and metabolic diseases like diabetic nephropathy.55,97 These findings underscore the core role of STAT1 
and ISG15 in the innate immune system, offering new insights into immune cell activation and laying the foundation for 
targeted therapies in inflammatory and metabolic diseases.90

Furthermore, sodium-glucose cotransporter 2 inhibitors have been shown to interfere with the polarization of DCs by 
reducing receptor pairing between M2 macrophages and T cells. In this study, cell communication analysis of DN and 
CKD groups revealed that B cells, NK cells, T cells, and monocytes exhibited the closest interactions. The four 
biomarkers, MX1, IRF7, STAT1, and ISG15, were widely expressed in these cell populations. These findings suggest 
that these biomarkers play central roles in the immune response and the progression of CKD and DN. These biomarkers 
could serve as valuable targets for predicting disease progression.

However, this study has certain limitations. First, single-cell sequencing technology presents challenges such as high 
costs and time consumption, making it difficult to fully assess the accuracy of these markers in disease evaluation. More 
importantly, the specific functional mechanisms, clinical translational potential, and diagnostic value of these biomarkers 
require systematic validation in independent cohorts. Additionally, the dynamic changes in relevant signaling pathways 
during CKD and DN progression, their correlation with disease stage and severity, and the clinical application value of 
these markers still need further investigation. To address these limitations, future research will focus on enhancing the 
clinical applicability of single-cell sequencing, including cost reduction, time efficiency, and improved accuracy and 
reliability. Interdisciplinary collaboration will be promoted to facilitate its clinical use. We plan to explore the impact of 
biomarkers on disease-related cell behavior and physiological processes through cell culture and animal models (eg, 
PDO, PDX). This will involve verifying whether biomarker regulation can reverse disease phenotypes and elucidate 
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underlying mechanisms. Concurrently, large-scale, multicenter clinical samples will be collected to investigate the MX1/ 
IRF7/STAT1/ISG15 pathway using gene-editing technologies. Furthermore, we will compare biomarker expression 
across CKD, DN, and other renal diseases to assess specificity. In terms of clinical translation, we will collaborate 
with the Clinical Center for Nephrology to examine the correlation between biomarkers, disease staging, and treatment 
response. Clinical measurement techniques such as ELISA, mass spectrometry, and immunohistochemistry will be used 
to correlate biomarker expression with clinical data. Samples from different geographic regions will be collected to 
assess the generalizability of our findings.

Conclusion
In this study, through single-cell RNA sequencing and the application of a series of bioinformatics methods, four 
biomarkers (MX1, IRF7, STAT1, ISG15) in CKD and DN were identified. During the clinical diagnosis process, 
detecting the expression levels of biomarkers in patients may serve as a means of auxiliary diagnosis for CKD and 
DN, and also as an important basis for predicting disease progression. Meanwhile, in the clinical treatment of CKD and 
DN, these biomarkers can be considered as therapeutic targets.
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