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glomerular cell subtypes
in diseases
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Although a range of glomerular diseases profoundly affect glomerulus-associated
cells, a comprehensive understanding of their molecular alterations is still lacking.
Here, we performed in-depth analysis of glomerular data from mouse models of
primary and secondary glomerulopathies and constructed a multi-disease cellular
landscape of glomerular cells. We identi�ed a putative subset of proliferative
glomerular endothelial cells(gECs) that highly expresses genetic susceptibility
genes associated with multiple glomerular diseases. Podocytes exhibited shared
injury-associated cell types across different disease models. A podocyte subset
highly expressing Endou , Cd200 , Lgmn , Il18, Dmpk , and Spon2 was
predominantly derived from ob/ob mice, whereas another podocyte subset
with high expression of Selenbp1, Lpar1, S100a8, S100a9, and Sult1a1 was
mainly observed in adriamycin-induced mice. Mesangial cells shared common
injury-related alterations across diseases (high expression of Cxcl1, egr1, hspa1b,
socs3 and dnajb1), while ob/ob mice exhibited a distinct mesangial cell subset
(high expression of aldh1a2, thbs1 and fbln5 ). In contrast, the gECs displayed
similar molecular changes across different diseases without giving rise to disease-
speci�c subtypes. Intercellular ligand-receptor analysis underpins the recruitment
of immune cells by injured mesangial cells and podocytes via speci�c
engagement of pairs such as CXCL and MIF, respectively. Our study
systematically elucidates the molecular alterations of glomerulus-associated
cells across various diseases, providing a foundation and strategic insights for
future targeted therapies tailored to speci�c glomerular disease contexts.
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1 Introduction

The kidney is an extremely important organ in the human body,
playing a crucial role in maintaining the stability of the internal
environment and normal metabolic processes. The glomerulus is a
highly specialized �ltration unit composed of capillary tufts, the
Bowman capsule, and three layers of �ltration membranes. This
intricate structure enables the ef�cient separation of plasma water
and small solutes from the blood, thereby forming the primitive
urine. Furthermore, the glomerulus contributes to regulating
systemic blood pressure and maintaining �uid-electrolyte
homeostasis through some proteins, including renin (1). As the
basic functional unit of the kidney, it is mainly composed of
terminally differentiated epithelial cells—podocytes, which cover
the pericytes of the glomerular capillaries—mesangial cells (MCs),
glomerular endothelial cells (gECs), and other less common cell
types. These cells collectively undertake a variety of different
functions. Both primary glomerular diseases, which are con�ned
to the glomeruli, and secondary glomerular diseases, resulting from
systemic disorders, can cause damage to function and architecture
of glomerular cells, leading to hematuria, proteinuria, edema, and
decreased glomerular �ltration rate (2, 3).

In podocytopathies characterized by proteinuria or nephrotic
syndrome, foot process effacement (FPE) and foot process
simpli�cation represent the earliest morphological manifestations
of podocyte injury. Notably, substantial proteinuria may manifest
even in the absence of podocyte injury (4). The reorganization of
the actin cytoskeleton is pivotal in the pathogenesis of FPE (4).
Dysregulation among key actin cytoskeleton regulators can directly
induce FPF, particularly involving the Rho family of small GTPases,
including RhoA, CDC42, and RAC1 (5). In diabetic nephropathy,
the diabetic milieu induces “pathological-adaptive” alterations in
podocytes , character ized by cytoskeleta l remodel ing,
dedifferentiation, apoptosis, and autophagy (6, 7). Simultaneously,
mesangial cells sustain signi�cant diabetic injury, showing
proliferation, hypertrophy, and concomitant upregulation of
extracellular matrix protein production (8). Impairments in the
endothelial cells caused by toxins, antibodies, immune cells, or
in�ammatory cytokines, or de�ciencies in endothelial protective
factor (such as regulators of complement or angiogenesis), can lead
to either acute or chronic kidney injury (9). Endothelial-to-
mesenchymal transition contributes to the pathogenesis of renal
�brosis and the progression of chronic kidney disease by promoting
the phenotypic transformation of endothelial cells toward
mesenchymal phenotype (10).

Although glomerular cells are essential in maintaining normal
kidney function and in the development of related diseases, there is
still a lack of clear research and systematic description of the
characterization changes of mouse glomerular cells under
different pathological and physiological conditions. Research in
this area urgently requires in-depth exploration to uncover the
functional characteristics of glomerular cells under various
conditions and their potential roles in kidney diseases, thereby
offering more precise targets and strategies for clinical treatment. In
recent years, single-cell RNA sequencing (scRNA-seq) technology
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has fundamentally enhanced our ability to characterize glomerular
cells (11).

This study used scRNA-seq to comprehensively characterize the
glomerular cell types in healthy mice and four different disease
models, each mimicking a renal disease: the nephritis model (lupus
nephritis or Goodpasture disease), the adriamycin-induced model
(focal segmental glomerulosclerosis), the CD2AP knockout model
( spo r ad i c nephro t i c s ynd rome or f o c a l s e gmen t a l
glomerulosclerosis) , and the diabetic model (diabetic
nephropathy, DN). It successfully depicted the comprehensive
transcriptional pro�les of all cell types in the glomeruli. This
work not only offers a thorough and integrated view at the single-
cell level for elucidating the physiological and pathological
characteristics of the glomeruli but also provides crucial data for
understanding the characteristics of all cell types in the murine
glomeruli under various pathological and physiological conditions.
Through detailed analysis of the transcriptional spectra of these
cells, we have uncovered the role of glomerular cells in kidney
diseases, offering new insights for targeted therapies. These
discoveries not only deepen our understanding of the pathogenic
mechanisms of kidney diseases but also pave the way for the
potential development of new treatment strategies and drug targets.
2 Method

2.1 Single-cell data and quality control

The single-cell RNA sequencing data used in this study was
downloaded from the Gene Expression Omnibus (GEO) database,
speci�cally from dataset GSE146912. Data processing was
performed using Seurat version 4.4.0, which is widely used for
single-cell RNA-seq analysis. Quality control (QC) measures were
implemented to ensure the reliability of the data. The QC criteria
included the requirement that each gene must be expressed in at
least 1% of the cells, and the number of genes detected in each cell
was constrained to a range of 400 to 7,000. Additionally, cells with a
mitochondrial gene percentage greater than 5% and those with a
high percentage of red blood cell-related genes (>1%) were excluded
to minimize potential sources of contamination or low-quality data.

To further improve data quality, doublets (i.e., events where two
or more cells are incorrectly captured as a single cell) were identi�ed
and removed using the DoubletFinder (version 2.0.3) algorithm.
Subsequent cell clustering was based on these identi�ed variable
genes. The identi�cation of differentially expressed genes (DEGs)
was performed using the Seurat function FindAllMarkers, which
helps in the detection of genes that are uniquely expressed in each
cluster of cells. Cluster annotation was carried out by referencing
typical cell-type-speci�c markers in the literature.

To address potential batch effects, which are common in large-
scale single-cell datasets, the Harmony algorithm (version 1.2.0)
was employed to integrate the data and mitigate these batch effects,
ensuring more accurate and robust downstream analysis. This
approach ensures high-quality and reliable results for subsequent
analyses and interpretations.
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2.2 Cell communication analysis

In this study, we conducted cell communication analysis using
CellChat V1.6.1, with the mouse database selected for the analysis.
CellChat is a powerful tool that integrates prior knowledge of
ligand-receptor interactions and their cofactors to model the
probability of cell communication from single-cell RNA-seq data.
The analysis process involves several key steps. First, we created a
CellChat object by inputting the normalized data and cell metadata.
Then, we set the mouse database in the CellChat object. Next, we
preprocessed the expression data to identify overexpressed genes
and interactions, which are crucial for subsequent communication
inference. After that, we applied the projectData function to smooth
the data using protein-protein interaction (PPI) data, enhancing the
reliability of communication predictions. Subsequently, we
computed the communication probabilities and �ltered the
interactions based on a minimum cell threshold. Finally, we
aggregated the communication network at the pathway level. To
assess intergroup differences, we performed differential interaction
analysis using the netVisual_diffInteraction function. All
visualizations were generated using built-in CellChat functions.
2.3 Transcription factor analysis

We conducted transcription factor analysis using pySCENIC
V0.12.1, a powerful Python-based tool for inferring gene regulatory
networks from single-cell RNA-seq data. The analysis process
involves three main steps. First, we constructed a co-expression
network of transcription factors and potential target genes using the
grn command with the GRNBoost2 algorithm, which identi�es
regulatory relationships based on gene expression correlations.
Next, we re�ned the network by integrating motif information
with the ctx command, using the mm10_10kbp_up_10kbp_
down_full_tx_v10_clust.genes_vs_motifs.rankings.feather �le as
input. This step �lters out non-signi�cant interactions and retains
only those supported by motif evidence. Finally, we assessed the
activity of each regulon across all cells using the aucell command,
which provides a quantitative measure of regulon activity in each
cell. The visualization process followed the SCENIC (R) tutorial,
ensuring a comprehensive presentation of the results.
2.4 Pseudotime analysis

We performed pseudotime analysis using Monocle2 V2.26.0.
The analysis work�ow involved several key steps. First, we identi�ed
differentially expressed genes across clusters using the
differentialGeneTest function with a full model formula that
included cluster information. The top 1000 genes identi�ed from
this analysis were used to �lter the dataset with the setOrderingFilter
function. Next, we applied dimensionality reduction using the
reduceDimension function with the DDRTree method, which is
the default in Monocle2 and helps visualize the data in a low-
dimensional space. Finally, cells were ordered along the inferred
trajectory using the orderCells function. Additionally, genes that
varied along the pseudotime trajectory were also identi�ed using
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differentialGeneTest, and their expression patterns were visualized
with the corresponding Monocle2 functions.

2.5 Gene set enrichment analysis

In this study, we employed the clusterPro�ler package to
conduct Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) enrichment analyses. For each cluster, the
top 50 differentially expressed genes were selected as input for
enrichment analysis. The enrichGO function was used to categorize
genes into biological process (BP), molecular function (MF), and
cellular component (CC), providing insights into their functional
roles. Meanwhile, the enrichKEGG function identi�ed signi�cantly
enriched signaling pathways associated with each cluster. This
approach allowed us to systematically explore the biological
signi�cance of each cluster, uncovering potential functional
pathways and molecular mechanisms involved in the dataset.

2.6 Subcluster analysis

For subcluster identi�cation, relevant cell types were extracted,
followed by processing similar to the standard single-cell analysis
work�ow, except thatnoadditionalquality control (QC)wasperformed.
The analysis was conducted using Seurat, following its standard pipeline.
Speci�cally, NormalizeData(normalization.method = “LogNormalize”)
was applied to normalize gene expression, and FindVariableFeatures
(selection.method = “vst”, nfeatures = 2000) was used to identify
highly variable genes. The ScaleData function was then applied to
the highly variable genes identi�ed previously, to remove unwanted
sources of variation.

RunPCA(features = VariableFeatures(object)) was performed
for dimensionality reduction, followed by batch effect correction
using the Harmony algorithm. FindNeighbors(dims = 1:30,
reduction = “harmony”) was then used to construct the nearest-
neighbor graph. For clustering, FindClusters was run iteratively
with the resolution parameter ranging from 0.1 to 1 to explore
different clustering granularities. The optimal number of clusters
was determined using the clustree package, which visualizes
clustering results across different resolutions to aid in selecting an
appropriate resolution value.

RunUMAP and RunTSNE were used for visualization, and marker
genes were identi�ed using FindAllMarkers with default parameters to
annotate subclusters based on known cell type markers.

2.7 Immuno� uorescence

The paraf�n-embedded sections were prepared for
immuno�uorescence. Antigen retrieval for the paraf�n-embedded
sections was conducted using high-temperature pressure in Tris-
EDTA buffer (pH 9.0). Tissue sections were blocked with goat
serum (Biosharp, BL1097A) and incubated overnight with primary
antibodies (S100a8, R&D, MAB3059; Wilms Tumor 1,
Immunoway, YM6533). Fluorescent secondary antibodies (Goat
Anti-Rat IgG H&L, Abcam, Cat# ab150159; Goat anti-Mouse IgG
(H+L), Invitrogen, Cat#A11001) were incubated for 1 hour. Nuclear
staining was performed using DAPI (Biosharp, BL120A). Images
were captured using a laser scanning confocal microscope.
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3 Results

3.1 Construction of mouse glomerular cell
atlas and analysis of expression
characteristics of pathogenic genes of
kidney disease

To explore the changes in speci�c gene expression in mouse
glomerular cells under different pathological and physiological
backgrounds, we intentionally included mice of different ages
(Supplementary Table 1), with different disease backgrounds, and
at different disease durations for a comprehensive and integrated
analysis of the mouse glomerulus (Figure 1A). We integrated the
enriched single-cell transcriptomic sequencing data (GSE146912) of
glomeruli and conducted strict quality control and batch effect
correction (Method). Through unsupervised clustering, we
obtained 29 subpopulations (Figure 1B). Utilizing classical kidney
cell markers (Supplementary Table 2), we identi�ed and
characterized the kidney cell subpopulations predominantly
composed of glomerular cells, including podocytes (PODs),
mesangial cells (MCs), endothelial cells (gECs), and parietal
epithelial cells (PECs) (Figure 1C). Different from other kidney
single-cell omics data (11–14), this dataset had captured a certain
number of glomerular-related cell subsets (15, 16), which had
provided the possibility for subsequent analysis.

We systematically pro�led the expression of susceptibility genes
identi�ed through genome-wide association studies (GWAS) for
major kidney diseases (focal segmental glomerulosclerosis-FSGS,
diabetic nephropathy-DN, lupus nephritis-LN, immunoglobulin A
nephropathy-IgAN) across diverse renal cell subtypes, and
delineated their cell type–speci�c enrichment patterns
(Figure 1D). Genes linked to FSGS were highly expressed
primarily within glomerular cells, notably PODs, PECs, and MCs,
but exhibited minimal in�uence on gECs, extraglomerular
endothelial cells, or various immune cells. Conversely, DN-
associated genes were broadly expressed across diverse renal cell
subtypes. For LN, the pathogenic genes were not prominently
expressed in PODs but were predominantly enriched in MCs and
MAC-related subsets. In contrast, IgAN-associated genes were
widely active in gECs, extraglomerular endothelial cells, and
immune cells, yet showed limited expression in other intrinsic
glomerular cells.

Notably, we identi�ed a high expression of multiple disease-
associated molecules in Cluster 17 (pro_EC). This subpopulation
expresses gEC markers (Sost, Ehd3) along with characteristic
proliferation-related molecules (Top2a, Stmn1). These results
suggest the existence of a distinct proliferative gEC population
within the glomerulus, which may play a pivotal role in
disease pathogenesis.
3.2 Distinct molecular signatures of
podocyte injury across disease contexts

Given the critical role of POD and PEC injury in proteinuria
pathogenesis (4, 17, 18), we performed an integrated re-clustering
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analysis of these populations, which identi�ed 13 distinct
subclusters (Figure 2A). Clusters 8 and 10 both expressed
established PEC markers (Igfbp6, Ptgis, Pla2g7 and Dkk3)
(Figure 2B). Cluster 8 was designated as PEC_1 based on its high
expression of AP-1-related molecules (Junb, Jun, Fos and Fosb). In
contrast, Cluster 10, characterized by elevated expression of Cp,
Pcp4, Cdh16, Fxyd1, C3, Pax8, Vcam1, and Cd9, was designated
PEC_2. Notably, while PEC_1 contained cells derived from both
healthy and diseased mice, the PEC_2 population was
predominantly contributed by the disease group (Figure 2C).

Distinct injured podocyte subpopulations emerge across disease
models (Figures 2A, B). These clusters exhibit unique molecular
signatures (Figure 2B), disease origins (Figure 2C), transcription
factor activities (Figure 2D), and functional enrichments
(Figures 2E–G). POD_Injury_1, present across multiple disease
models (Figure 2C), highly expresses Tagln, Cxcl1, Crct1, Angptl7,
Tgfb2, and Flna (Figure 2B), suggesting a common injury response
signature shared among different nephropathies. In contrast,
Cluster 2 exhibits high expression of Endou, Cd200, Lgmn, Il18,
Dmpk, and Spon2 (Figure 2B) and originates almost exclusively
from ob/ob mice (Figure 2C), prompting its annotation as POD_ob.
Similarly, Cluster 11, predominantly originating from ADR-treated
mice, was designated POD_ADR based on elevated expression of
Selenbp1, Lpar1, S100a8, S100a9, and Sult1a1. Transcription factor
analysis revealed that POD_ob speci�cally expresses Churc1, Sp2,
Dbp , Foxc2 , Mafb , and E2f1 , while POD_Injury_1 and
POD_Injury_2 both upregulate Bcl3, Rela, Fosl1 and Nfkb2.
POD_ADR is characterized by high expression of Cebpd
(Figure 2D). GO analysis indicated that POD_Injury_1
(Figure 2E) and POD_ob (Figure 2F) are both enriched in terms
related to cytoskeleton and actin �lament organization. POD_ADR,
however, is primarily involved in intracellular signaling, protein
transport and secretion, smooth muscle cell migration, and
apoptotic signaling pathways (Figure 2G).

3.3 Shared molecular signature of
podocyte injury across disease contexts

To identify common injury mechanisms, we compared the
transcriptional pro�les of podocyte subclusters between disease
and control groups, quantifying differentially expressed genes
(DEGs). A substantial number of DEGs were identi�ed in
POD_AP1 across different age groups and at the 5-day nephritis
time point. Additionally, POD_1, POD_2, and POD_3 also
exhibited numerous DEGs under conditions of aging, diabetes,
and nephritis (Figure 3A). Notably, POD_1—a major constituent
of the podocyte population—signi�cantly downregulated AP-1-
related molecules (Fos, Junb, Jun, Fosb, Atf3) with advancing age.
In the nephritic state, Spp1 and Cebpb was markedly upregulated
(Figure 3B). Pseudotime analysis of podocyte subclusters
distributed them across �ve distinct states, with a majority of
injury-associated subclusters coalescing in State 5 (Figures 3C–E).
GO analysis revealed that State 5 is primarily associated with cell–
matrix interactions, actin �lament assembly and organization,
wound healing, morphogenesis of cardiac and muscle tissue,
positive regulation of T-cell activation and positive regulation of
frontiersin.org
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leukocyte–cell adhesion (Figure 3F). Key injury-related genes,
including Tagln, Cald1, Tagln2, Gpx3, Press23, and Lgals1, were
also predominantly highly expressed in this state (Figure 3G). These
characteristics suggest that State 5 likely represents a characteristic
injury or repair state, involved in podocyte response, remodeling,
Frontiers in Immunology 05
and immunomodulatory processes following damage. Notably, the
immuno�uorescence staining of renal tissues con�rmed the co-
expression of Wt1 and S100a8 in ADR mice, demonstrating that
some podocytes highly express S100a8 in this disease
model (Figure 3H).
FIGURE 1

Construction of mouse glomerular cell atlas and analysis of expression characteristics of pathogenic genes of kidney disease. (A) The schematic
diagram of this research. (B) UMAP of 74,185 glomerular cells. Mes, mesangial Cell; POD, podocyte; gEC, Glomerular endothelial cell; EC, endothelial
cell; VSMC, vascular smooth muscle cell; Mac, macrophage; TEC, tubular epithelial cells; PEC, parietal epithelial cell; Ren, renin cell; Pro,
proliferating; T, T cell; Fib, �broblast; Neu, Neutrophil. (C) Dot plot of expression of cell type-speci�c marker genes for each glomerular cell subset.
The size of each dot indicates the percentage of cells expressing the marker gene, while the color intensity re�ects the average expression level of
the marker gene. (D) Heatmap of the expression pro�les of pathogenic single genes in common kidney diseases across different subgroups.
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3.4 Molecular signature of mesangial cell
injury with a focus on diabetic
nephropathy

Mesangial cells (MCs) are crucial for maintaining glomerular
structural integrity, regulating �ltration rate, synthesizing or
degrading extracellular matrix (ECM), and producing various
cytokines and bioactive molecules (19). We performed
reclustering analysis on MCs, identifying 13 distinct subclusters
(Figure 4A), which were annotated based on their characteristic
gene expression pro�les (Figure 4B). Among these, we focused on
Frontiers in Immunology 06
cluster 1, annotated as Mes_Injury, which was predominantly
derived from multiple disease groups (Figure 4C). This
subpopulation highly expressed Cxcl1, Egr1, Hspa1b, Socs3, and
Dnaib1 (Figure 4D). Notably, we identi�ed several disease-speci�c
MC subclusters—clusters 3, 11, and 12—that were markedly
expanded in ob/ob mice (Figure 4C). Speci�cally, Mes_ob_1
(cluster 3) exhibited a transcriptome distinct from other MCs and
appeared as an outlier in UMAP visualization (Figure 4A). It was
characterized by high expression of Aldh1a2, Thbs1, Fbln5, Cdh11,
and Loxl2 (Figure 4B). Transcription factor analysis revealed that
Mes_Injury highly expressed Fos, Junb, Xbp1, and Cebpb, while all
FIGURE 2

Distinct molecular signatures of podocyte injury across disease contexts. (A) UMAP of 11,637 podocytes. (B) Dot plot of expression of cell type-speci�c
marker genes for each podocyte subset. The size of each dot indicates the percentage of cells expressing the marker gene, while the color intensity
re�ects the average expression level of the marker gene. (C) Bar chart of podocyte subset proportions across different animal models. (D) Heatmap of
characteristic transcription factors in different podocyte subsets. (E, F) Bar chart of GO enrichment analysis for different podocyte subsets.
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ob/ob-derived MCs shared high expression of Dbp and Prrx2
(Figure 4D). Mes_ob_1 uniquely expressed Mbd2, Spi1, and Pura
(Figure 4E). Of translational relevance, Prrx2 is involved in
development, tissue repair, and epithelial–mesenchymal transition
(EMT), regulating ECM remodeling and cell migration (20, 21).
Frontiers in Immunology 07
Spi1, primarily expressed in the immune system, is a key regulator
of hematopoiesis and immune responses (22, 23). Functionally, GO
enrichment analysis indicated that Mes_Injury is primarily
associated with intracellular signaling regulation and stress
responses (Figure 4F), whereas Mes_ob_1 is more enriched in
FIGURE 3

Shared molecular signature of podocyte injury across disease contexts. (A) Heatmap of the number of differentially expressed genes (DEGs) between
different animal models and the control group. (B) Volcano plots of DEGs comparing different animal models to the control group (aging and nephritis).
(C) Pseudotime trajectory analysis performed using monocle2, with different colors representing different pseudotime values. (D) Pseudotime trajectory
analysis performed using monocle2, with different colors representing different cell states. (E) Proportion of podocytes from different animal models in
each state of the pseudotime analysis. (F) Bar chart showing the results of GO enrichment analysis for state 5. (G) Expression patterns of key genes along
the pseudotime axis in the pseudotime analysis. (H) Representative IF image of S100a8-positive podocytes in the healthy control (left) and ADR model
(right) groups. Scale bar = 10 mm.
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