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Single‑cell transcriptomic profiling of human 
kidneys uncovers profound principal cell 
responses to diabetic conditions, enabling targeted 
drug discovery
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approximately 9% of the global population, ranking as 
the tenth leading cause of death in 2022, and is expected 
to become the fifth by 2050.[3] These epidemiological 
trends underscore the urgent need to elucidate the 
molecular underpinnings of DKD to facilitate the 
development of novel therapeutic strategies.[4]

The kidney is a highly complex organ composed of 
numerous specialized cell types, each with distinct 
functions.[5] Bulk omics techniques, which provide 

INTRODUCTION

Ranked as the fifth most burdensome disease worldwide 
in 2022 and projected to climb to third place by 2050, 
diabetes mellitus is at the forefront of a growing global 
health crisis.[1] Among its severe complications, diabetic 
kidney disease  (DKD) remains the leading cause of 
chronic kidney disease (CKD), contributing to nearly 
half of all end‑stage kidney disease cases.[2] CKD affects 
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an averaged signal across diverse cell populations, lack 
the resolution to reveal cell‑specific molecular changes 
critical to understanding DKD.[6] Single‑cell technologies, 
however, offer an unparalleled opportunity to dissect 
cellular heterogeneity, enabling a clearer understanding of 
disease mechanisms.[7] The application of such techniques is 
particularly important for an organ like the kidney, which 
harbors a wide variety of specialized cell types.[8,9]

Even when high‑dimensional data are available, translating 
them into meaningful insight remains a key bottleneck.[10] 
Indeed, the increased availability of omics technologies has 
led to an explosion in data generation, shifting the critical 
challenge in biomedical research toward extracting maximal 
clinical knowledge from high‑quality existing resources.[11,12] 
Despite its potential, the application of single‑cell approaches 
in DKD research, particularly with human samples, remains 
limited. Among the few available single‑cell transcriptional 
profiling datasets of human kidneys, we obtained the 
kidney precision medicine project  (KPMP) scRNA‑seq 
dataset, which fulfills the quality check parameters and 
provides an acceptable sample size.[13] Here, this dataset was 
reanalyzed, revealing that collecting duct principal cells are 
the most affected cell type in diabetic nephropathy and play 
a significant role in altered mitochondrial pathways.

Although specific cell types, such as mesangial cells and 
proximal tubule epithelial cells, have been widely explored 
in the context of kidney injury, the current study highlights 
the essential role of principal cells in DKD pathogenesis, 
which has rarely been investigated so far. Furthermore, 
these findings were translated into actionable insights by 
proposing novel therapeutic targets using our previously 
established druggability scoring pipeline.

MATERIALS AND METHODS

Data collection
This study utilized publicly available single‑cell RNA 
sequencing datasets from the KPMP gene expression 
omnibus  (GEO accession GSE183276) and the Suztak 
laboratory  (GSE211785),[14] both of which were obtained 
from the NCBI GEO. All analyses were conducted using 
the Seurat (v5.1.1, Satija Lab, New York Genome Center, 
New York, NY, USA) package in R (v4.5.0, R Foundation 
for Statistical Computing, Vienna, Austria).[15,16]

Quality control and filtering
Cells with genes  (nFeature_RNA) between 100 and 5000 
were retained. A mitochondrial content threshold of ≤ 50% 
was applied. Doublets were identified and removed using 
the DoubletFinder package (v 2.0.6, University of California 
San Francisco, San Francisco, CA, USA).[17]

Normalization and data transformation
Data normalization was performed using the log 
normalization method with a scale factor of 10,000 to 
adjust for differences in sequencing depth across cells. 
Variable features were subsequently identified using the 
“vst” method, and the top 5000 most variable genes were 
selected for further analysis. The data were then scaled 
using the ScaleData function, which standardized gene 
expression across all cells.

Batch effect correction
Two approaches were employed to mitigate potential batch 
effects. First, the impact of cell cycle phase differences on 
clustering was evaluated. Next, batch effects across samples 
were corrected using the Harmony package (v1.2.3, Broad 
Institute of MIT and Harvard, Cambridge, MA, USA), which 
adjusts for technical variability while preserving biological 
signals.[18]

Dimensionality reduction and feature selection
Linear dimensionality reduction was first performed 
via principal component analysis. Uniform manifold 
approximation and projection  (UMAP), a nonlinear 
dimensionality reduction technique, was then applied to 
the top 30 principal components.

Unsupervised clustering and cell type identification
Clustering was performed using the FindClusters function 
with a resolution of 3.5 to group the cells into distinct 
clusters. To identify marker genes for each cluster, the 
FindAllMarkers function was used, with a minimum 
percentage of 0.25 and a log fold change threshold of 0.25. 
Cell type annotation was then performed by referencing 
the KPMP atlas, assigning cell identities based on marker 
gene expression profiles.

Differential expression analysis
Differentially Expressed Genes (DEGs) analysis was conducted 
using the DESeq2 package (v1.48.1) between healthy kidney 
and DKD samples.[19] DESeq2 uses a negative binomial 
distribution to model the count data and applies statistical tests 
to detect genes with significant expression changes. To account 
for multiple testing, the Benjamini‒Hochberg procedure was 
used to control the false discovery rate (FDR), and genes with 
an FDR ≤ 0.05 were considered statistically significant.

Gene set enrichment analysis
Gene set enrichment analysis was performed using the 
WebGestalt tool with the overrepresentation method to 
identify gene sets that were significantly enriched among 
the differentially expressed genes (DEGs). The analysis was 
conducted using default parameters, with the exception of 
adjusting the significance threshold to the FDR to control 
for false positives.
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Trajectory inference and pseudotime analysis
Trajectory analysis was performed using the Monocle3 
package  (v1.4.25, Trapnell Laboratory, University of 
Washington, Seattle, WA, USA).[20]  After the principal cells 
were subsetted and reverted to the raw data layer for this 
cell type, the standard single‑cell RNA sequencing analysis 
workflow in Seurat (v5.3.0, Satija Lab, New York Genome 
Center, New York, NY, USA)  was applied as described 
earlier. The processed object was then converted into a 
“cell_data_set” using the as. cell_data_set function for 
compatibility with Monocle3. Dimensionality reduction 
was performed using UMAP, and a trajectory graph was 
constructed using the learn_graph function with default 
parameters. Cluster 1, located at one extremity of the UMAP 
space and composed predominantly of cells from healthy 
individuals, was considered the root of the trajectory. 
Pseudotime values were then assigned across the trajectory 
using the order_cells function.

RESULTS

Twenty‑two transcriptionally distinct cell populations 
were identified in human kidneys through cell type 
annotation
High‑quality, single‑cell resolved omics data pave the 
way for understanding the cellular heterogeneity and 
molecular mechanisms underlying human kidney 
diseases.[21] In this study, a publicly available single‑cell 
RNA‑seq dataset (GSE183276) from the KPMP consortium 
was reanalyzed to achieve this goal. This dataset was 
selected among the few publicly available human kidney 
datasets due to its high quality, including correction for 
ambient RNA contamination and high gene coverage per 
cell. Furthermore, unlike most scRNA‑seq pipelines in 
which cells with more than 15%–20% mitochondrial content 
are excluded, cells containing up to 50% mitochondrial 
reads were retained, given the inherently high metabolic 
activity of the kidney as a highly energy‑demanding organ. 
This dataset contains transcriptomic data from both healthy 

and diseased human kidneys, including DKD, acute kidney 
injury (AKI), and hypertensive nephropathy, with a large 
number of samples and annotated clinical conditions. While 
the KPMP study is aimed at generating a high‑resolution 
spatial atlas of the human kidney, in the current study, 
we focused specifically on diabetic nephropathy. Profiles 
from DKD and normal control samples from this study 
were retrieved and reanalyzed through a hypothesis‑free 
approach. Disease classification and sample selection were 
performed based on KPMP metadata annotations linking 
each cell to its originating specimen and clinical diagnosis, 
and only profiles labeled as DKD or normal control were 
retained for downstream analysis.

Using the GSE183276 dataset, 14 DKD and 20 healthy 
kidney samples were processed through a standardized 
single‑cell RNA‑seq analysis workflow [Figure 1]. Doublet 
cells were identified  [Supplementary Figure  1] and 
removed. Batch effects were assessed at two levels: first, 
no cell cycle–associated bias was observed, as all phases 
were represented across clusters [Supplementary Figure 2]; 
second, sample‑level effects were present and subsequently 
corrected, resulting in clusters containing a mixture of DKD 
and healthy cells [Supplementary Figure 3]. Unsupervised 
clusters were then annotated using canonical marker genes 
from the KPMP atlas, leading to the identification of 22 
distinct cell types [Figure 2], which served as the foundation 
for downstream analyses.

The functional significance of variable expressed genes 
was identified across different kidney cells using gene set 
enrichment analysis
To capture molecular differences underlying kidney cell 
diversity between healthy controls and DKD patients, 
differentially expressed genes (DEGs) analysis was 
performed across annotated cell types using DESeq2 
[Supplementary Tables 1–22]. Each gene set was subsequently 
subjected to pathway enrichment analysis, resulting in a 
total of 735 enriched pathways. Many of these pathways 

Figure 1: Schematic overview of the study pipeline. Single‑cell transcriptomics data from kidney specimens of diabetic nephropathy patients and healthy donors were 
obtained from the gene expression omnibus database and subjected to upstream and downstream analyses. DKD = Diabetic kidney disease

https://links.lww.com/JRMS/A54
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were shared across multiple cell types, whereas 346 were 
unique to specific cell types [Supplementary Tables 23‑39].

To provide a clearer and more informative representation 
of the molecular programs associated with each cell type, 
a matrix was constructed with cell types as columns and 
unique pathways as rows [Supplementary Table 40]. This 
structure illustrates the frequency and distribution of each 
pathway across cell types  [Figure 3a]. Signaling through 
nerve growth factor  (NGF)‑stimulated transcription 
and its receptors  (NTRKs) was enriched in 11 cell types. 
This widespread enrichment suggests that NGF–NTRK 
signaling may play a broader role in the diabetic kidney 
response than previously recognized. Furthermore, 
pathways involved in extracellular matrix organization, 
transforming growth factor‑β signaling, inflammatory 
responses, and platelet‑related signaling were among 
the most frequent pathways, consistent with previous 
studies.[22-25] Taken together, these results highlight both 
shared and cell‑type‑specific pathways that may underlie 
the progression of DKD.

To further investigate the functional relevance of significant 
transcriptional alterations, gene ontology  (GO) cellular 
component enrichment analysis was performed for each 
kidney cell type [Supplementary Tables 41‑57]. The matrix 
of the top 15 most frequently enriched terms across cell 
types [Figure 3b] provided insights into the roles of cell–
ECM adhesion, transcriptional regulation, endoplasmic 
reticulum stress, cell polarization, and secretory signaling 

in DKD pathogenesis. Notably, most of the frequently 
enriched terms were observed in the distal parts of the 
nephron, including the distal convoluted tubule, principal 
cells, thick ascending limb (TAL), connecting tubule (CT), 
intercalated cells‑A, and macula densa.

Principal cells exhibit the most transcriptional 
reprogramming in diabetic injury
To identify the most affected cell types in DKD in terms 
of transcriptional alterations, the number of DEGs 
was compared across the clusters. Notably, among the 
annotated kidney‑resident cell types, collecting duct 
principal cells displayed the most extensive transcriptional 
response, with a markedly greater number of DEGs than 
other nephron segments. To normalize for differences in 
cluster size, a DEG‑to‑cell count ratio was calculated for 
each cell type. This analysis demonstrated that principal 
cells had the highest DEG/cell ratio, significantly exceeding 
those of proximal tubule and TAL cells  [Figure  4a]. 

Figure  2: Annotation of cell types in human kidney samples. A  total of 
60,028  cells from healthy donors and diabetic kidney disease patients were 
projected using uniform manifold approximation and projection and classified 
into 22 distinct cell types on the basis of kidney‑specific markers curated by the 
kidney precision medicine project. UMAP  =  Uniform manifold approximation 
and projection; KPMP  =  kidney precision medicine project; DKD =  Diabetic 
kidney disease; IC  =  Intercalated cell; VSMC/P  =  Vascular smooth muscle 
cell/pericyte; DCT = Distal convoluted tubule; GC‑EC = Glomerular capillary 
endothelial cell; M2 Mac = M2 macrophage; NCM = Nonclassical monocyte; 
MDC = Monocyte‑derived cell; NKT = Natural killer T cell; AEA = Afferent/efferent 
arteriole to descending vasa recta endothelial cell

Figure 3: Functional enrichment analysis of human kidney cell types. Binary 
heatmaps showing the presence (dark blue) or absence (white) of significantly 
enriched signaling pathways (a) and cellular component GO terms (b) based 
on DEGs between healthy controls and diabetic kidney disease patients across 
distinct kidney cell types. Abbreviations: IC, intercalated cell; EC, endothelial cell; 
VSMC/P, vascular smooth muscle cell/pericyte; EC_AEA_DVR, afferent/efferent 
arteriole to descending vasa recta endothelial cell
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Although pseudobulk methods do not inherently weight 
the number of individual cells, larger cell numbers increase 
statistical confidence in aggregate signals, mitigating the 
risk of missing biological signals. Therefore, the high 
DEG count observed in principal cells  –  despite their 
moderate abundance – suggests a genuine and biologically 
meaningful transcriptional shift rather than a statistical 
artifact.

To ensure the reproducibility of the pronounced 
transcriptional reprogramming observed in principal 

cells under diabetic conditions, an independent human 
DKD single‑cell RNA‑seq dataset  (GSE211785) was 
reanalyzed  [Supplementary Figure  5]. Consistent with 
the original findings, principal cells exhibited the highest 
DEG burden compared with other nephron segments, such 
as proximal tubule and TAL cells. Taken together, these 
results indicate that principal cells may undergo extensive 
transcriptional reprogramming in response to diabetic 
injury, a feature that has been underappreciated in prior 
studies.

Figure 4: Principal cells undergo the most extensive transcriptional reprogramming in diabetic injury. (a) The number of differentially expressed genes (DEGs, left) 
and DEG‑to‑cell ratios (right) across kidney cell types indicate that principal cells exhibit the highest degree of transcriptional change. (b) Pseudotime trajectory of 
principal cells visualized by UMAP reveals distinct transcriptionally heterogeneous subclusters, with (c) showing the distribution of pseudotime values across these 
subclusters.  (d) Pathway enrichment analysis comparing a disease‑associated terminal subpopulation  (cluster 5) with the root population  (cluster 1) highlights 
pronounced alterations in metabolic and mitochondrial programs. Abbreviations: Prin, principal cell; PT, proximal tubule; TAL, thick ascending limb; CT, connecting 
tubule; IC, intercalated cell; EC, endothelial cell; VSM/P, vascular smooth muscle cell/pericyte; DCT, distal convoluted tubule; MD, macula densa; GC, glomerular 
capillary endothelial cell; M2, M2 macrophage; NCM, nonclassical monocyte; MDC, monocyte‑derived cell; PC, parietal cell; T, T cell; NKT, natural killer T cell; AEA, 
afferent/efferent arteriole to descending vasa recta endothelial cell; Fib, fibroblast; B, B cell; PL, plasma cell; Pod, podocyte; and TCA, tricarboxylic acid
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To further investigate the heterogeneity of this response, 
pseudotime trajectory analysis of principal cells was 
conducted. Prior to trajectory inference, batch effects among 
principal cells were assessed and corrected [Supplementary 
Figure 4]. This analysis resolved eight transcriptional 
subpopulations arranged along a branched trajectory, 
with pseudotime values ranging from 0 to 40, indicating 
distinct segregation of the subpopulations [Figure 4b and c]. 
Notably, one terminal cluster  (Cluster 5) was composed 
exclusively of cells from DKD samples  [Supplementary 
Figure 6], suggesting the emergence of a disease‑associated 
transcriptional state. To shed light on the molecular features 
underlying this state, pseudobulk DEG analysis was 
performed between Cluster 1 (located at the trajectory root) 
and Cluster 5 [Supplementary Table 58-60]. Differential genes 
with FDR ≤ 0.05 and absolute log2 (FC) ≥1 were subjected 
to pathway enrichment analysis, which revealed strong 
associations with mitochondrial pathways [Figure 4d]. This 
observation suggests that mitochondrial reprogramming is 
a fundamental component of the transcriptional response 
of principal cells to diabetic stress.

Identification of novel therapeutic targets paves the way 
for targeted drug delivery to principal cells
Although omics data provide global and novel insights into 
the molecular landscape of diseases, identifying the most 
appropriate therapeutic interventions remains a significant 
challenge.[26] To address this gap, a tool named DrugTar 
was previously developed by our team.[27] This algorithm 
employs a robust deep learning framework to predict 
druggability by integrating protein sequence embeddings 
from a pretrained language model with functional insights 
derived from GO annotations. On the basis of their potential 
as drug targets, each gene can be assigned a druggability 
score.

In this study, DrugTar was applied to identify potential drug 
targets in principal cells for DKD, yielding a list of highly 
druggable genes [Supplementary Table 61]. Among the top 
candidates are IDH1, KCNJ8, LRRK2, SOD1, INSR, and 
PPARG. The therapeutic potential of targeting PPARG is 
well established; its agonists, including thiazolidinediones, 
have demonstrated renoprotective effects in both clinical 
and preclinical studies. [28,29] Previous studies have 
also repeatedly reported the contribution of SOD1 in 
CKD pathogenesis. For instance, renal SOD1‑deficient 
C57BL/6‑Akita mice exhibited an impaired ability to 
eliminate excessive glomerular and renal superoxide 
produced under hyperglycemic conditions, leading to the 
development of diabetic kidney injury.[30]

Although IDH1, KCNJ8, LRRK2, and INSR have not yet been 
targeted in DKD, they appear to be mechanistically relevant 
through their involvement in biological pathways such as 

insulin signaling, metabolic regulation, and cellular stress 
responses.[31-34] The identification of these druggable genes 
underscores oxidative stress (SOD1), inflammation and lipid 
metabolism (PPARG), and metabolic dysfunction (INSR) as 
key actionable processes in DKD pathogenesis.[35-37] While 
SOD1 and PPARG offer immediate translational potential, the 
remaining candidates require further investigation in future 
interventional studies. Therefore, this study provides a basis 
for further assessment and validation of novel therapeutic 
targets for targeted drug delivery to principal cells.

DISCUSSION

This study identified collecting duct principal cells as 
one of the most transcriptionally responsive kidney cell 
types under diabetic conditions, suggesting a previously 
underappreciated role in DKD pathogenesis. Most prior 
studies have focused on endothelial cells, proximal tubule 
cells, and mesangial cells, while principal cells have 
received limited attention.[38-40] To our knowledge, direct 
investigations into their role in DKD are rare, with only one 
study using mouse scRNA‑seq that reported mitochondrial 
heterogeneity involving principal and B cells.[41] This 
research gap may not be surprising, as most existing studies 
on DKD have been designed around predefined hypotheses 
or have relied on bulk omics approaches, which often mask 
cell type‑specific signals. Single‑cell technologies now offer 
the opportunity to uncover previously hidden layers of 
biological complexity. As such, these findings may represent 
a starting point for uncovering the potential contribution of 
principal cells to the pathogenesis of DKD.

This broad range of transcriptional alterations observed in 
principal cells may be explained by the multifaceted roles 
these cells play in kidney physiology. Principal cells play 
a critical role in fine‑tuning renal output by regulating 
the urine concentration and maintaining electrolyte 
balance via specific transporters for water and electrolytes, 
including the aquaporin‑2  (AQP2) water channel, the 
epithelial Na  +  channel, and the renal outer medullary 
K  +  channel.[42] These functions are tightly regulated 
through sophisticated gene regulatory circuits induced 
by a variety of hormones, such as vasopressin,[43] renin,[44] 
aldosterone,[45] insulin,[46] and atrial natriuretic peptide.[47] 
Principal cells are also responsive to a spectrum of other 
regulators, including the autonomous nervous system,[48] 
prostaglandins,[49] adenosine,[50] nitric oxide,[51] endothelin,[52] 
and hemodynamic factors such as tubular fluid flow and 
osmolarity.[53,54] This complex integration of hormonal cues, 
electrolyte transport, and epithelial integrity renders them 
sensitive to metabolic and osmotic challenges. Notably, 
these extensive responses and transport activities demand 
high energy consumption.[55] The substantial dependency 
of principal cells on mitochondrial stability supports 

https://links.lww.com/JRMS/A58
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our finding of enrichment of respiration and adenosine 
triphosphate‑generation pathways, particularly between the 
DKD‑specific branch and the root branch in the trajectory 
analysis. These physiological characteristics suggest that 
metabolic and osmotic stress in diabetes may disrupt 
principal cell homeostasis, potentially contributing to 
impaired urine concentrating ability, electrolyte imbalance, 
and tubular remodeling during DKD progression.

While previous studies have reported that the high energetic 
demand of proximal tubule cells under diabetic conditions 
may come at a heavy cost, manifested as prolonged 
mitochondrial stress and associated oxidative damage 
in CKD,[56-59] our findings extend this understanding to 
principal cells. The altered mitochondrial activity observed 
in these cells may contribute to the growing body of 
evidence suggesting that mitochondrial dysfunction is a 
shared, although heterogeneous, feature across multiple 
nephron segments in diabetes as supported by pathway 
enrichment and trajectory analysis.

The distinct embryonic origin of CT principal cells from the 
ureteric bud, unlike most other nephron segments, which 
originate from the metanephric mesenchyme, may partly 
explain the observed differences in response profiles and 
transcriptional reprogramming.[60-62] This developmental 
distinction may also contribute to understanding 
gender‑dependent responses in kidney physiology and 
pathology.

In addition, the current study identified a set of druggable 
targets using a deep learning–based tool previously 
developed by our team to facilitate the translation of big 
data into clinical knowledge. The high‑score targets, which 
appear to contribute to DKD pathogenesis based on their 
roles in cell‑specific functions and pathways described 
earlier, could be used for targeted delivery to principal cells.

We appreciate that the conclusions drawn here are based 
on transcriptomic profiles, which may not fully reflect 
other layers of gene regulation. Single‑cell multiomics 
approaches, followed by functional studies, will be required 
to illuminate the unrecognized complexity of principal 
cells. Similarly, the therapeutic potential of the proposed 
top‑ranked targets depends on validation in relevant DKD 
models. In addition, DrugTar predictions are derived from 
transcriptomic features and functional annotations and 
therefore require protein‑level validation and experimental 
confirmation before therapeutic translation.

CONCLUSION

Collecting duct principal cells were identified as one of the 
most transcriptionally reprogrammed renal cell populations 

under diabetic conditions, revealing a previously 
underrecognized dimension of DKD pathophysiology. 
Trajectory and pathway analyses indicated pronounced 
mitochondrial and metabolic alterations, extending the 
concept of energy stress beyond proximal tubule cells. By 
integrating single‑cell transcriptomics with computational 
druggability prediction, a set of high‑priority therapeutic 
candidates was delineated, providing a rational framework 
for cell type–specific intervention strategies. Although 
transcript‑level findings require functional validation, 
these results position principal cells as potential keystone 
contributors to DKD progression and as promising targets 
for precision therapeutic development.
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Supplementary Figure 3: Sample‑level batch effect correction. The uniform 
manifold approximation and projection embedding of single‑cell transcriptomic 
data from human kidney samples, the color coding indicates a mixture of cells 
from diabetic kidney disease (DKD) and healthy controls within the same clusters, 
confirming that clustering reflects physiological differences rather than disease 
condition or sample‑specific biases. UMAP = Uniform manifold approximation 
and projection; DKD = Diabetic kidney disease

Supplementary Figure 1: Doublet identification and removal. Uniform manifold 
approximation and projection visualization of single‑cell RNA‑seq data from 
human kidney samples, where each point represents an individual cell positioned 
based on transcriptomic similarity. Singlet cells are shown in cyan, and doublets 
are highlighted in red. UMAP = Uniform manifold approximation and projection

Supplementary Figure  2: Assessment of cell cycle phase effects. Uniform 
manifold approximation and projection embedding of single‑cell transcriptomic 
data from human kidney samples showing the distribution of cells across cell 
cycle phases. The color coding reveals a mixture of cells in S, G1, and G2/M 
phases within the same clusters, confirming that clustering reflects physiological 
differences rather than biases from cell cycle phase. UMAP = Uniform manifold 
approximation and projection

Supplementary Figure 4: Batch effect correction among principal cells. Uniform 
manifold approximation and projection embedding of single‑cell transcriptomic 
data from principal cells, a subset of the 22 transcriptionally distinct populations 
identified previously.(a) Before batch effect correction, cells are color‑coded 
by sample origin, revealing batch effects as clustering is driven by sample 
differences rather than physiological state.(b) After batch effect correction, cells 
are color‑coded by sample origin, showing integrated clustering of diabetic kidney 
disease (DKD) and living donor (LD) samples, indicating successful mitigation 
of batch effects. UMAP  =  Uniform manifold approximation and projection; 
DKD = Diabetic kidney disease; LD = living donor

b
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Supplementary Figure 5: Annotation of cell types in human kidney samples 
from GSE211785. A  total of 71,953  cells from healthy donors and diabetic 
kidney disease  (DKD) patients were projected using uniform manifold 
approximation and projection (UMAP) and classified into 15 distinct cell types 
based on kidney‑specific markers curated by the Kidney Precision Medicine 
Project  (KPMP). IC  =  Intercalated cell; VSMC/P  =  Vascular smooth muscle 
cell/pericyte; DCT = Distal Convoluted tubule; GC‑EC = Glomerular capillary 
endothelial cell; NCM  =  Nonclassical monocyte; NKT  =  Natural killer T cell; 
UMAP = Uniform manifold approximation and projection

Supplementary Figure  6: Condition distribution among principal cell 
subpopulations. uniform manifold approximation and projection embedding 
of principal cells from healthy (blue) and diabetic kidney disease (DKD) (red) 
samples; points are colored by sample condition and labeled by cluster (0–7). 
The spatial distribution of conditions across the embedding shows that cluster 5 is 
composed exclusively of DKD‑derived cells, consistent with a disease‑associated 
principal cell subpopulation. UMAP  =  Uniform manifold approximation and 
projection; DKD = Diabetic kidney disease


