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Background: Diabetic kidney disease (DKD) is a chronic renal disease which could eventually develop into renal failure. Though 
albuminuria and estimated glomerular filtration rate (eGFR) are helpful for the diagnosis of DKD, the lack of specific biomarkers 
reduces the efficiency of therapeutic interventions.
Methods: Based on bulk-seq of 56 urine samples collected at different time points (including 11 acquired from DKD patients and 11 
from healthy controls), in corporation of scRNA-seq data of urine samples and snRNA-seq data of renal punctures from DKD patients 
(retrieved from NCBI GEO Omnibus), urine-kidney specific genes were identified by Multiple Biological Information methods.
Results: Forty urine-kidney specific genes/differentially expressed genes (DEGs) were identified to be highly related to kidney injury 
and proteinuria for the DKD patients. Most of these genes participate in regulating glucagon and apoptosis, among which, urinary 
PART1 (mainly derived from distal tubular cells) and PLA2R1 (podocyte cell surface marker) could be used together for the early 
diagnosis of DKD. Moreover, urinary PART1 was significantly associated with multiple clinical indicators, and remained stable over 
time in urine.
Conclusion: Urinary PART1 and PLA2R1 could be shed lights on the discovery and development of non-invasive diagnostic method 
for DKD, especially in early stages.
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Introduction
Diabetic kidney disease (DKD) is a prevalent microvascular complication of diabetes and a leading cause of mortality in 
diabetic patients. Early symptoms of DKD are often atypical, with chronic progressive and irreversible development 
leading to eventual renal failure.1 Early diagnosis and prevention are crucial to delay the onset and progression of DKD. 
Currently, eGFR and proteinuria are the primary indicators of DKD progression.2 However, albuminuria and albumin 
excretion rates have low sensitivity, with only about half of patients exhibiting progressive renal decline having 
albuminuria.3 Furthermore, kidney damage can occur before the onset of microalbuminuria.4 While eGFR and protei-
nuria lack specificity, eGFR data is not always readily available.5 Therefore, it is essential to explore new biomarkers for 
DKD to improve prediction based on eGFR.
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Urine, flowing through the kidney and urinary tract system, presents a compelling avenue for clinical research due to 
its potential to contain shed cells from the kidney and urinary tract epithelium. This makes urine an attractive subject for 
investigation.6 Moreover, as a direct product of the kidney, urine serves as a valuable indicator for detecting kidney 
injury. Compared to blood, urine offers a more accessible and amplified platform for identifying changes in substances, 
thereby enabling the easier display of disease-related information within the body.7,8 By leveraging urine biomarkers, 
which provide a non-invasive and convenient means of auxiliary diagnosis for Diabetic Kidney Disease (DKD), early 
identification of DKD becomes feasible, facilitating timely personalized treatment interventions.

In this study, we conducted bulk RNA-seq and downstream analysis on urinary cells of diabetic kidney disease 
(DKD), including the first morning urinary cells, second urinary cells, and random urinary cells. Additionally, we 
combined kidney single-cell RNA-seq data and urine single-cell RNA-seq data of DKD to explore and identify urine- 
kidney specific differential genes. Utilizing three machine learning techniques, we constructed and screened DKD- 
associated urine-kidney hub genes, namely PART1 and PLA2R1. Prostate androgen-regulated transcript 1 is along non- 
coding RNA. It is associated with inflammatory conditions such as cancer,9 vertebral disc degeneration,10 and 
osteoarthritis.11 The Phospholipase A2 Receptor 1 (PLA2R1) is associated with cellular senescence, damage and 
inflammation.12–14 Similarly, diabetic kidney disease is also associated with inflammation.15 Many cytokines and 
predictors, such as Kidney injury molecule,16 omentin17, prognostic nutritional index,18 and neuregulin,19 are decreased 
and many inflammatory markers, including C-reactive protein,20 serum uric acid,21 monocyte/lymphocyte ratio,22 and 
uric acid/HDL cholesterol ratio,23 are increased in diabetic kidney injury. Thus studying PART1 and PLA2R1 in diabetic 
kidney disease is reasonable.
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Interestingly, our findings revealed a connection between the pathogenesis of DKD and the ceRNA regulatory 
network. This deepened our understanding of the disease and provided valuable insights for the exploration of potential 
drug targets. It is important to note that while conventional RNA sequencing can detect changes in gene expression 
between cell populations, it was unable to identify genes that differed between cells.24 On the other hand, single-cell 
sequencing at the individual cell level, such as ScRNA-seq, allowed for the classification and identification of new cell 
types, contributing to our understanding of cell heterogeneity in complex tissues and diseases.25,26 By exploring DKD 
from a single-cell perspective, we can gain a more comprehensive understanding of the disease and potentially discover 
novel “urine-kidney specific biomarkers”. Moreover, it is worth mentioning that previous urine-related studies have 
primarily focused on morning urinary cells. However, in our study, we hypothesized that the urinary cells in the second 
morning urinary cells may better reflect the function and status of the kidney as they are shed after the first morning 
urinary cells has “cleaned” the urinary system’s epithelial cells.

Materials and Methods
Study Cohort for Urinary Cells Bulk RNA-Seq and Urine Samples Processing
The flow chart of this study is shown in Figure 1. This study was approved by the ethics commission of Guangxi Medical 
University Ethics Committee and was performed under the ethical principles of the Declaration of Helsinki (approval 
number: (2022-KY (0623)). All patients provided written and verbal informed consent. The inclusion criteria for this 
study were patients with Diabetic Kidney Disease (DKD) as defined in the Expert Consensus on the Clinical Diagnosis of 
Diabetic Kidney Disease in Chinese Adults.27 Exclusion criteria included kidney damage due to factors such as 
hypertensive nephropathy, lupus nephritis, drug-induced kidney injury, and tumor or cachexia.

Urinary cell samples were collected from 11 patients diagnosed with DKD at the Second Affiliated Hospital of 
Guangxi Medical University, along with 11 healthy individuals matched for age and sex. Three types of urine samples 
were collected from each participant: first morning urinary cells, secondary urinary cells (the second urine when patients 
wake up in the morning), and random urinary cells.

The urine samples were immediately transported on ice to the laboratory for processing. All procedures were 
performed on ice or at 4°C. The samples were centrifuged and the supernatant discarded. Deposits, mainly urinary 
cells, were retained. The urinary cells were then suspended in 1x Dulbecco’s PBS (DPBS) and centrifuged again at 490g 
for 5 minutes. This process was repeated twice.

The entire process of RNA capture to library construction is performed from urinary cells using the AccuraCode® 

HTP OneStep RNAseq Kit, following the manufacturer’s protocol. Cell lysis and RNA capture were performed using 
Cell Lysis Buffer. OneStep Buffer was used for cDNA amplification and purification. Finally, bulk RNA-Seq was 
performed on a total of 56 urine samples.

Pre-Processing of Urinary Cells Bulk RNA-Seq Dataset
The batch effect of the data was processed, and standardization by removing more than 20% of genes with an expression 
value of 0. And differential expression analysis were performed using the “DESeq2” package (13). Genes that were 
significantly differentially expressed with |log2 Fold Change| > 1 and P value < 0.05 were selected for downstream 
analysis.

Acquisition of Data and Processing
The kidney sn-RNAseq dataset GSE13188228 of DKD, containing 3 human diabetic kidney samples and 3 controls. 
Additionally, we downloaded the urine sc-RNAseq dataset GSE15764029 of DKD, containing samples from five subjects 
at two different occasions using both spot and 24-hour urine. These datasets were downloaded from the GEO database 
(https://www.ncbi.nlm.nih.gov/).30 Then, Seurat package31 was performed to read expression profile and quality control 
(nFeature_RNA > 200 and nFeature_RNA < 2500 and percent.mt < 15). The data were normalized and homogenized in 
turn. Then, “FindAllMarkers” function was used to identify cell-type markers. The limma package32 was employed to 
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identify genes that were significantly differentially expressed between the DKD group and the normal group (| 
logFoldChange(logFC)| > 1, P value < 0.05).

Additionally, the GSE5167433 dataset, which includes 6 DKD kidney tissues and 4 normal kidney tissues, and the 
GSE3012234 dataset, which includes 10 DKD kidney tissues and 24 normal kidney tissues, were also downloaded from 
the GEO database. The GSE51674 dataset is a microRNA dataset.

Bioinformatics Analysis of 40 Urine-Kidney Differentially Expressed Genes
Urinary cells bulk RNA-seq data were analyzed from the secondary urinary cells, including 11 patients with DKD and 11 
normal individuals, resulting in the identification of 522 upregulated genes (up-urine). Additionally, a total of 1496 
differentially expressed genes of kidney single nucleus RNAseq (kid-scRNA-degs) were obtained originating from 12 
clusters. The intersection of DKD up-urine genes with DKD scRNA-kid-degs was determined using a Venn diagram, 
resulting in the identification of 40 urine-kidney differentially expressed genes (urine-kid-degs). Gene Ontology (GO) 
annotation and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis of these 40 genes 
were performed using the Database for Annotation, Visualization, and Integrated Discovery (DAVID; https://david. 
ncifcrf.gov/home.jsp).

Figure 1 Workflow Diagram.
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Machine Learning
To identify candidate hub urinary biomarkers of DKD, three machine learning algorithms were employed. The least 
absolute shrinkage and selection operator (LASSO) algorithm, implemented through the “glmnet” package, was used to 
filter variables and improve prediction performance.35,36 The random forest (RF) algorithm, an ensemble method based 
on decision trees, was used to screen candidate biomarkers with high accuracy.37 The support vector machine-recursive 
feature elimination (SVM-RFE) method38 was used to find optimal variables. The hub urinary biomarkers of DKD were 
selected by intersecting the markers identified by these three machine learning algorithms.

PART1 and PLA2R1 Expression in Different Time Points and Clinical Correlation 
Analysis in Urine of DKD
Clinical information from the study cohort was obtained from the Second Affiliated Hospital of Guangxi Medical 
University and visualized using the “ggpubr” package.39 The expression of key genes was assessed across three time 
points in urinary cells to understand the relationship between hub urinary biomarkers and time in urine of DKD. ROC 
analysis was performed to evaluate their diagnostic value.

Analysis and Prediction of the Differentially miRNA and mRNA
PLA2R1, a diagnostic and prognostic biomarker of membranous nephropathy (MN), is now widely recognized and 
utilized.40 Consequently, PART1, exhibiting the highest correlation with clinical indicators, was selected as a promising 
urinary biomarker of DKD to further analyze and explore. Next, differential expression analysis of promising GSE51674 
(DEMs) and GSE30122 (DEGs) was performed using the GEO2R online analysis tool accessible within the GEO database. 
The screening criteria for differently expressed genes between DKD and normal samples were |log2 Fold change| > 1 and 
P value < 0.05. To enhance results accuracy, LncRRIsearch (http://rtools.Cbrc.jp/LncRRIsearch/) was used to predict the 
interaction between PART1 and miRNAs. miRWalk (http://mirwalk.umm.uniheidelberg.de/) and miRDB (http://www. 
mirdb.org/) were used to predict the interaction between miRNAs and mRNAs.

Protein–Protein Interaction Network and Enrichment Analysis
Targeted miRNAs were intersected with up-DEMs from GSE51674 to identify critical miRNAs. Similarly, targeted 
mRNAs were intersected with down-DEGs from GSE30122 to identify critical mRNAs. The resulting networks were 
visualized using Cytoscape software.41 GO annotation and KEGG pathway analysis of the 80 candidate mRNAs were 
performed using the “clusterProfiler” package.42

Acquisition and Analysis of Key lncRNA- miRNA–mRNA Interaction Networks
Important mRNAs in the protein-protein interaction network were explored using the Molecular Complex Detection (MCODE) 
algorithm in Cytoscape. Additionally, the top 10 node genes were identified using the Maximal Clique Centrality (MCC), 
Maximum Neighborhood Component (MNC), and “Degree” methods. Critical mRNAs were obtained by overlapping these four 
methods. The expression levels of important mRNAs in GSE131882 were explored, and clinical information from GSE30122 
containing 4 normal controls and 6 DKD patients was obtained from Nephroseq V5 (http://v5.nephroseq.org/) for further analysis.

Verification and Localization of PART1 and BCL2
The Nephroseq V5 tool was used to explore the expression of PART1 with other tissues of DKD. Urine scRNA-seq and 
kidney snRNA-seq datasets were analyzed to determine the source of PART1 and BCL2 in urine of DKD.

Statistical Analysis
Statistical analyses were conducted using GraphPad Prism 9 software and R version 3.6.3. Differences between the two 
groups were compared by unpaired Student’’s s t-test. TimeROC curve analysis was employed to assess diagnostic value, 
with p < 0.05 considered statistically significant. The text provides a detailed description of the data acquisition, 
processing, analysis methods, and statistical analysis used in the study.
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Results
Characteristics of the Urinary Cells Bulk RNA-Seq Cohort
A total of 56 urine samples, including morning urinary cells, second morning urinary cells, and random urine, were 
collected from 11 patients and 11 healthy individuals for the purpose of performing bulk RNA-Seq. The clinical and 
demographic information of the participants is presented in Table 1.

The Second Morning Urinary Cells Bulk RNA-Seq Analysis of DKD
In comparison with normal samples, we identified 1685 differentially expressed urinary genes (uDEGs) in the urinary 
cells of DKD. Among these, 522 genes were upregulated, and 1163 genes were downregulated. The top 40 uDEGs were 
visualized using a hierarchical cluster map (Figure 2A), and the distribution of uDEGs was displayed in a volcano plot 
(Figure 2B). To facilitate diagnosis and prediction in urine, we focused on the 522 upregulated urinary genes (up-urine) 
for downstream analysis (Supplementary Tables S1 and 2).

Kidney snRNA-Seq and Urine scRNA-Seq Analysis of DKD
To deepen our understanding of the cellular diversity of DKD and explore “urine-kidney specific biomarkers”, we 
analyzed urine scRNA-seq and kidney snRNA-seq of DKD. Following quality control, we identified 12 cell clusters in 
the kidney snRNA-seq of DKD (Figure 2C–E) and 14 cell clusters in the urine scRNA-seq of DKD (Figure 2F and G). 
The top 10 marker genes from both datasets were visualized using cluster heatmaps (Figure 2H and I). The two datasets 
of marker genes are listed in Figure 2J and K (Supplementary Figure S1 and 2), respectively.

In addition, we conducted a further analysis of the differential genes in the 12 cell clusters between the DKD group 
and the normal group using kidney snRNA-seq data. We obtained a total of 1496 differential kidney genes in DKD 
(scRNA-kid-degs) from the 12 cell clusters Supplementary Tables S3–5

Pathways Enrichment Analysis of 40 Urine-Kidney Differentially Expressed Genes
We obtained 40 urine-kidney differentially expressed genes by intersecting the 1496 scRNA-kid-degs and the 522 up-urine genes 
of DKD using a Venn diagram (Figure 3A). To explore the functional annotation of these 40 genes, we performed KEGG and GO 
enrichment analyses (Figure 3B and C). The KEGG pathway analysis revealed that these genes may be involved in pathways such 
as the apelin signaling pathway, arginine and proline metabolism, and the glucagon signaling pathway, all of which are relevant to 
the pathogenesis of DKD, for example, apelin signaling pathway is associated with vascular function and the regulation of blood 
pressure;43 alterations in arginine and proline metabolism could impact NO production.44 In DKD, impaired NO production can 
lead to endothelial dysfunction,45 vasoconstriction, and reduced renal blood flow; in diabetes, particularly in the context of insulin 
resistance, there is an imbalance between insulin and glucagon, leading to elevated blood glucose levels. Elevated glucagon levels 

Table 1 Characteristics of Participants

Group DKD Group (N = 11) Normal Group (N = 11) p-value

Sample Number MUC  
(n = 7)

SUC  
(n = 11)

RUC  
(n = 5)

MUC  
(n = 11)

SUC  
(n = 11)

RUC  
(n = 11)

Age, mean±SD 58.86±7.82 61.64±10.15 59.80±8.87 46.91±21.59 0.054
Gender (male/female) 5/2 5/6 5/0 8/3

Scr (μmol/L) 375.86±155.14 376.55±201.43 391.00±142.42 72.27±14.85 ****

eGFR (mL/min per 1.73 m2) 17.09±8.33 19.47±12.55 16.72±7.00 107.62±37.33 ****
Hb (g/L) 88.29±24.74 92.55±25.20 87.00±28.00 134.68±22.87 ***

Blood fat (mmol/L) 1.37±0.74 1.46±0.86 1.70±1.27 1.05±0.53 0.1956

Uric acid (μmol/L) 456.86±116.04 442.91±129.40 424.20±115.92 285.91±78.88 **

Note: (**P < 0.01, ***P < 0.001 and ****P < 0.0001). 
Abbreviations: MUC, the first morning urinary cells; SUC, the second morning urinary cells; RUC, the random urinary cells; eGFR, estimated glomerular filtration rate; 
Scr, serum creatinine; ±SD, standard deviation; Hb, hemoglobin; DKD, diabetic kidney disease.
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Figure 2 Analysis of urine bulking RNA-seq data and two scRNA-seq data from DKD. (A) Expression heatmap of the top 40 urine-DEGs. (B) Volcano plot of urine- DEGs between 
DKD patients and control. (C) Sample source of each cell cluster analyzed by UMAP. Blue indicates the DKD origin and pink shows the cells originated from normal. (D and E) UMAP 
plots of DKD kidney snRNA-seq data from GSE131882 reveal 12 individual cell clusters and cell types (cluster 0 and 4: Distal tubular cells; cluster 1: Proximal tubular cells; cluster 2: 
Collecting duct cells; cluster 3: Intercalated cells; cluster 5: Epithelial cells; cluster 6: Neutrophil; cluster 7 and 11: Fibroblasts; cluster 8: Kidney endothelial cells; cluster 9: Podocytes; 
cluster 10: B cell). (F and G) UMAP plots of DKD urine scRNA-seq data from GSE157640 reveal 14 individual cell clusters and cell types (cluster 0 and 2: Bladder epithelial cells; cluster 1: 
Umbrella cells; cluster 3: Urothelial cells; cluster 4, 5 and 10: Epithelial cells; cluster 6: Kidney endothelial cells; cluster 7: Macrophages; cluster 8 and 11: Proximal tubular cells; cluster 9: 
Collecting duct cell; cluster 12: B cell; cluster 13: Fibroblasts). Principal component heatmap plot revealing 10 most highly expressed genes in each of clusters (vertical columns), including 
(H) GSE131882 and (I) GSE157640. Each row representing 1 gene, with high expression (yellow), intermediate expression (purple), and low expression (black). Bubble dot plots of the 
top cell-type-specific differentially expressed genes in the (J) DKD kidney snRNA-seq data from GSE131882 and (K) DKD urine scRNA-seq data from GSE157640. The size of the dot 
indicates the expression percentage and the darkness of the color indicates average expression.
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Figure 3 Screening and analysis of upregulated urine-DEGs and obtained key DKD urine biomarkers. (A) Venn diagram of 40 upregulated urine-DEGs. Obtained based on 
the intersection all DKD kid-scRNA-degs and DKD up-urine DEGs. (B) GO enrichment analysis of EP-Genes in BP, CC, and MF processes (BP, biological process; CC, 
cellular component; MF, molecular function). (C) KEGG enrichment analysis of 40 upregulated urine-DEGs. In the dot plot, the color represents the p-value, and the size of 
the spots represents the gene number.The red boxes indicated pathways associated with the development of DKD. (D–F) DKD urine key genes selection by (D) Lasso, (E) 
RandomForest and (F) SVM-RFE. (G) Venn diagram shows 2 urine key genes such as PART1 and PLA2R1 were obtained by the intersection of 3 machine-learning (Lasso, 
RandomForest and SVM-RFE).
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can promote gluconeogenesis (the production of glucose from non-carbohydrate sources)46 and glycogenolysis (breakdown of 
stored glycogen), contributing to hyperglycemia. Persistent hyperglycemia is a major driver of DKD development.47

Acquisition of Hub Urinary Biomarkers of DKD
To identify potential urinary biomarkers of DKD, we employed three algorithms, namely LASSO, RF, and SVM-RFE 
(Supplementary Table S6). The LASSO regression algorithm identified 5 potential candidate biomarkers (Figure 3D), 
while the RF algorithm identified 10 potential candidates (Figure 3E). Based on the SVM-RFE algorithm, 37 potential 
candidate biomarkers were identified (Figure 3F). By overlaying the candidate biomarkers from LASSO, RF, and SVM- 
RFE, PART1 and PLA2R1 were identified as the hub urinary biomarkers of DKD (Figure 3G).

Correlation Analysis of the Hub Urinary Biomarkers of DKD with the Clinical 
Features in Urine
We investigated the relationship between PART1 and PLA2R1 with clinical features (Figure 4A). The results indicated 
that PART1 expression in urine was significantly negatively correlated with estimated glomerular filtration rate (eGFR) 
and hemoglobin (Hb) and positively correlated with serum creatinine (Scr) and urine acid. The expression level of 
PART1 in urine was correlated with several clinical indicators. The clinical correlation analysis of PLA2R1 was 
consistent with PART1. A ROC analysis demonstrated that PART1 and PLA2R1 had the same AUC values (area 
under the curve [AUC]=0.864) (Figure 4B). These results suggested that PLA2R1 and PART1 had a stronger correlation 
with clinical indicators of DKD. However, PLA2R1 is widely recognized as a diagnostic and prognostic biomarker of 
MN. We chose PART1, which is less studied and as a final hub urinary biomarker of DKD, to further analysis. Urinary 
PART1 was highly expressed in the DKD group (Figure 4C). Furthermore, we analyzed the stability of urinary PART1 
expression at different times (Figure 4D), showing that urinary PART1 expression levels had no significant difference 
among morning urinary cells (MUC), the second morning urinary cells (SUC), and random urinary cells (RUC). 
Interestingly, urinary PART1 expression was significantly upregulated in SUC and RUC in DKD group.

Prediction and Identification of miRNAs and mRNAs Between DKD Tissues 
and Normal Tissues
Based on p-value < 0.05 and |log2FC| > 1, we identified 702 differentially expressed miRNAs (DEMs) from the 
GSE51674 dataset, including 141 upregulated and 561 downregulated genes. Additionally, based on p-value < 0.05, 
more differentially expressed genes (DEGs) were obtained. And downregulated differentially expressed genes (DEGs) 
were screened from the GSE30122 dataset (Figure 4E). It was more helpful for downstream exploration and analysis. We 
identified 3 miRNAs that interact with PART1 using LncBase, which intersected with the 141 upregulated DEMs from 
GSE30122 (Figure 4F). Similarly, we identified 80 potential mRNAs that interact with the 3 miRNAs by intersecting 
with the downregulated DEGs from GSE30122 (Figure 4G).

Construction of the ceRNA Network and Functional Enrichment of Overlapped 
mRNAs
Utilizing the expression regulation of PART1, the 3 miRNAs, and the 80 overlapped mRNAs shown in Table 2, we 
constructed a network (Figure 4H). To understand the regulatory relationships and biological functions of the 80 mRNAs 
related to DKD, we constructed a PPI network (Figure 5A) and performed GO and KEGG pathway enrichment analyses 
(Figure 5B and C). Notably, KEGG pathway analysis revealed that the 80 mRNAs were mainly enriched in pathways 
such as the AGE-RAGE signaling pathway in diabetic complications, autophagy, apoptosis, and the TGF-β signaling 
pathway. These findings further suggest that renal cell damage may be associated with autophagy/apoptosis, and injured 
kidney cells may be shed into urine as DKD progresses.
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Figure 4 Urinary PART1/PLA2R1 analysis in urine from DKD and set up ceRNA network. (A) Correlation analysis of urinary PART1and PLA2R1 expression with the 
clinicopathological features, including estimated glomerular filtration rate (eGFR), age, serum creatinine (Scr), hemoglobin (Hb), bloom fat and gender. (B) The diagnostic value of 
Urinary PART1 and PLA2R1 in the urine of DKD. (C) The expression level of PART1 between DKD and normal in urine. (D) Analysis of PART1 expression at different time periods 
including the first morning urinary cells (MUC), second morning urinary cells (SUC) and random urinary cells (RUC).(E) Volcano plot of DEMs between 6 DKD patients and 4 control 
from GSE51674, and DEGs between 10 DKD patients and 12 control from GSE30122 (volcano plot from GEO2R online tool at NCBI GEO Omnibus). (F) Three miRNA were 
obtained by intersecting upregulate difference miRMA (DEMs) from GSE51674 and targeted miRNAs based lncBase.(G) 80 overlapped mRNA DEGs (mDEGs) were obtained by 
intersecting downregulate difference mRMA (down-DEGs) from GSE30122 and targeted mRNAs based miRWalk and miRDB. (H) Triple regulatory network of the 80 overlapped 
DEGs, 3 overlapped DEMs, and lncPART1. (*P < 0.05, **P < 0.01 and ns: no significant difference).
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Construction of LnPART1 - miRNA-139-5p - BCL2
Using four methods in Cytoscape (Figure 5D–G), namely Dgreen, MCODE, MCC, and MNC, we screened BCL2, 
SMAD2, and ZEB1 as candidate mRNAs from the 80 overlapped mRNAs (Figure 5H). According to the regulatory 
mechanism of the ceRNA network (Figure 5I), we further explored the expression levels of BCL2, SMAD2, and ZEB1 
between the DKD group and the Normal group from GSE131882. The results showed that only BCL2 expression level, 
which was consistent with PART1, was significantly different and lowly expressed in the distal tubule cells cluster of the 
DKD group (Figure 6A and B). BCL2 was identified as a key mRNA, and we constructed the PART1-miRNA-139-5p- 
BCL2 network. Additionally, we found that BCL2 and PART1 were primarily derived from distal cells by analyzing 
kidney snRNA-seq data (Figure 6C–E). To pinpoint the source of urinary PART1 in DKD, we analyzed urine scRNA-seq 
data and found that urinary PART1 was mainly derived from epithelial cells and renal cells (Figure 6F and G).

Validation of Key ceRNA Network Between DKD Kidney Tissues and Normal Kidney 
Tissues
The expression levels of PART1, miRNA-139-5p, and BCL2 from the triple regulatory network are shown in 
Figures 7A–C. Furthermore, we found that the expression levels of PART1 and BCL2 were positively correlated with 
eGFR in kidney tissue from DKD (Figure 7D and E). These results demonstrate that the low expression of PART1 and 
BCL2 predicts the degree of renal tubular damage and the progression of DKD. Finally, to gain insight into the 
relationship between PART1 and renal tubular cells, we explored the expression levels of PART1 in comparison to 
other tissues using the Nephroseq database. The results showed that, compared to other tissues, PART1 was significantly 
down-regulated in the renal pelvis and renal medulla (Figure 7F and G).

Discussion
Our findings suggest that urinary PART1, located in tubule cells, strongly correlates with DKD progression, making it an 
effective indicator of disease advancement and a potential biomarker for diabetic-induced renal tubular injury.

One novel aspect of our study is our focus on the second morning urinary cells, as previous studies primarily 
collected morning urinary cells alone. We collected second morning urinary cells samples for bulk RNA-seq and 
subsequent analysis. Integrating the sequencing results with kidney single-nucleus RNA sequencing (snRNA-seq) 
allowed us to identify urinary PART1 and PLA2R1 as urine-kidney-specific biomarkers. Applying the competing 
endogenous RNA (ceRNA) regulatory mode, we constructed a potential PART1-miR-139-5p-BCL2 regulatory network 
using various approaches.

Prostate Androgen-Regulated Transcript 1 (PART1), a less-studied gene in kidney disease, plays a dual role in cancer, 
regulating cell proliferation and apoptosis through various mechanisms.48 On the one hand, PART1 is highly expressed in 
pancreatic cancer, pancreatic cancer49 and other tumors,50 promoting tumor development; On the other hand, PART1 is 
down-regulated in tumors such as tongue squamous cell carcinoma51 and gastric cancer,51 and has a protective effect. 

Table 2 lncRNAs, miRNAs and mRNAs in the ceRNA Network

IncRNAs Binding miRNAs Associated mRNAs

PART1 has-miR-28-5p ARIH1, MTMR3, SLC37A4, ATXN1, PHF21A, SEMA4G, TPMT, INPP4A, NUAK1, FOXN3, PAK2, ASPA, 
CHRNB2, SLC6A11, TEF, MASP1, TEX261, TLN2, ARHGAP44, FBXL18, TNS3, MRPS35, ALG9, CTNNA3, 

N4BP1

has-miR-324-5p ARF3, RABGAP1L, CHST2, KLF7, ATP2B2, FEZ1, HFE, CRISP1, ABCG4, CFLAR, POLDIP3, RBFOX2, 
DESI2, KCTD20, MAP3K9, SETD5

has-miR-139-5p TSPAN3, PPP2R5C, SEC63, ANK2, SMAD2, WTAP, ATXN1, MAD2L1, DYNC1LI2, BCL2, TRIM24, 

ATP2B2, BMPR1A, AAK1, KIAA1549, SMAD9, TP63, SLC9A2, NDRG4, CREM, PCDH7, MAPK8, 
RASGRF1, PRKD3, PDE4D, MICAL2, ZEB1, TRIM37, PTPRJ, CCDC57, RREB1, STXBP5L, PLCB1, ATP11A, 

SLC1A2, TEK, MED4, KMT5B, HIPK2, PRDM10, PDPR
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However, PART1 has been poorly studied in kidney disease. Whether it be associated with the progression of kidney 
disease. Whether it can be used as a biomarker for kidney disease. PART1 is worth further exploration and discovery. 
Therefore, in our study, we found a strong correlation between clinical indicators of DKD and urinary PART1, which 
further suggests the reliability of urinary PART1 as an auxiliary indicator of DKD. Another, bioinformatics analysis 
revealed that mRNAs targeting PART1 are associated with apoptosis. Previous studies have demonstrated that down-
regulation of PART1 can promote apoptosis in prostate and bladder cancer cells.9,50 Conversely, BCL2 is an anti- 

Figure 5 Analysis of overlapped mDEGs and screening of key mRNA. (A) Construction of the PPI network of 80 overlapped DEGs by STRING database. (B) KEGG 
enrichment analysis of 80 overlapped mDEGs. The red boxes indicated pathways associated with the development of DKD. (C) GO enrichment analysis of overlapped 
mDEGs in BP, CC, and MF processes (BP, biological process; CC, cellular component; MF, molecular function). In the dot plot, the color represents the p-value, and the size 
of the spots represents the gene number. (D) Top 10 genes were selected according to the score calculated by the Degree method. (E) Total of 8 candidate genes were 
identified from 80 overlapped mDEGs basing on the score sorted by the MCODE method using Cytoscape. (F) Top 10 genes were obtained by calculating the scores 
according to the MCC method. (G) Top 10 genes were obtained by calculating the scores according to the MNC method. (H) Venn diagram shows 3 mRNA were obtained 
by the intersection of the methods (MCC, Degree, MNC and MCODE). (I) The important components of ceRNA network were identified by expression regulation.
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Figure 6 PART1 of analyzing and locating based on scRNA-seq datasets from GSE131882 and GSE157640, respectively. (A) Box plots showing the the expression of BCL2 
between DKD group and Normal group from GSE131882. (B) Box plots showing the the expression of BCL2 between DKD group and normal group from GSE131882. (C) 
UMAP plots showing the the expression of PART1, BCL2 and PART1+ and BCL2+ between 3 kidney tissues of DKD and 3 normal kidney tissues of DKD from GSE131882. 
(D) The violin plots showing the distribution and expression of PART1 and BCL2 in each cell type from GSE131882. (E and F) Bubble dot plots showing PART1 expressing in 
(E) kidney snRNA-seq of DKD from GSE131882 and (F) urine scRNA-seq of DKD from GSE157640, respectively. The size of the dot indicates the expression percentage 
and the darkness of the color indicates average expression. (G) Visualization of PART1 expression across all single cells in the UMPA plot of urne scRNA-seq from 
GSE157640. (***P < 0.001).
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apoptotic protein,52 and research has shown that high glucose-induced apoptosis in renal tubular cells can be facilitated 
by miR-503, leading to the inhibition of BCL2.53 Our results elucidate a potential mechanism for the PART1-miR-139- 
5p-BCL2 axis in DKD, providing a possible molecular basis for kidney injury and suggesting a regulatory axis that leads 
to tubular cell apoptosis in DKD. Furthermore, PART1 was found to be decreased in kidney tissues and elevated in urine 
in DKD, likely due to an increased proportion of urinary kidney cells in patients with renal diseases compared to healthy 
individuals.29 Therefore, PART1 downregulation likely occurs as the disease progresses, while upregulated miR-139-5p 
may promote apoptosis of renal tubular cells by inhibiting BCL2, leading to their shedding into the urine. Eventually, 
PART1 expression levels may be elevated in the urine of DKD.

Figure 7 Analysis and verify of the key genes of ceRNA network. (A–C) The expression levels of (A) PART1 from GES30122, (B) has-miR139-5p from GSE51674 and (C) 
BCL2 from GSE30122. (D and E) The diagnostic value of (D) PART1 and (E) BCL2 according to AUC value in ROC curve based on GSE30122. (F) The expression of PART1 
between renal pelvis and all other renal tissue based on nephroseq V5. (G) The expression of PART1 between renal medulla and all other renal tissue based on nephroseq 
V5. (*P < 0.05 and ***P < 0.001).
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In DKD, tubular dysregulation may precede or occur concurrently with glomerular changes.54 Hyperglycemia is more 
likely to damage tubular cells, particularly affecting mitochondrial function.55 Our analysis of single-cell sequencing 
indicates that PART1 is primarily derived from renal tubular cells. We hypothesize that elevated urinary PART1 in DKD 
patients may signify the activation of apoptotic mechanisms in renal tubular cells, suggesting a significant role for urinary 
PART1 in detecting renal injury caused by diabetes. Furthermore, our findings show that PART1 is lowest in the renal 
medulla compared to other tissues. Diabetes is known to predispose individuals to acute renal failure,56,57 and renal 
medullary hypoxia characterizes acute renal failure.58 Hyperglycemia may affect renal medullary structure by activating 
NOS3.45 These results suggest a potential association between PART1, hyperglycemia, and the pathogenesis of DKD, 
although further research is needed to elucidate the precise underlying mechanism.

Our study innovatively collected a total of 56 urine samples at different time points, demonstrating that urinary 
PART1 expression remains stable over time. This flexibility in urine sample collection without temporal constraints is 
beneficial for medical professionals and patients seeking disease detection and monitoring.

Additionally, the elevated urinary PLA2R1 in DKD has piqued our interest. Phospholipase A2 receptor (PLA2R1) 
antibody is highly specific for membranous nephropathy (MN) and has been widely used for MN diagnosis.59 However, 
recent studies have cautioned against relying solely on positive PLA2R1 testing for DKD diagnosis, as it may lead to 
false-positive MN diagnoses in diabetic patients.60 Our study indicates high PLA2R1 expression in the urine of DKD 
patients. Therefore, caution is advised when interpreting positive PLA2R1 results in diabetic patients to avoid incorrect 
treatment plans.

Our study has certain limitations, as it employed a cross-sectional design, limiting its ability to assess the 
prognostic value of urinary PART1. Future research should consider a comprehensive prospective cohort study 
with extended follow-up periods. Furthermore, we need to confirm whether the PART1-miRNA-139-5p-BCL2 
ceRNA network indeed regulates apoptosis and how it leads to tubular cell apoptosis and shedding into the urine.

In conclusion, we have identified urinary PART1 as a potential diagnostic, monitoring biomarker, and therapeutic 
target for the early detection of DKD. The PART1-miRNA-139-5p-BCL2 network offers a more comprehensive 
understanding of the complex gene interactions underlying DKD and its molecular mechanisms driving disease 
progression. In the future, we aim to further validate the use of urinary PART1 as a liquid biopsy tool and 
a treatment target for DKD.

Conclusion
Urinary PART1, primarily derived from distal tubular cells, can serve as non-invasive markers without temporal 
constraints. It is mainly associated with the regulation of apoptosis in tubule cells through lncPART1-miR-139-5p- 
BCL2. The interpretation of positive PLA2R1 results in diabetic patients should be approached with caution to ensure 
accurate treatment regimens.
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