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Abstract

Background Diabetes mellitus (DM) can cause severe complications, including diabetic foot ulcers (DFU). There
is a significant gap in understanding the single-cell ecological atlas of DM and DFU tissues.

Methods Single-cell RNA sequencing data were used to create a detailed single-cell ecological landscape of DM
and DFU. Enrichment analysis identified pathways involved in cellular subpopulations, and pseudo-time analysis
inferred cell development processes. A gene regulatory network explored the role of transcription factors in DFU
progression, and a potential herbal drug-target gene interaction network was constructed.

Results In the DFU group, immune cells were activated, with notable changes in several subpopulations. ATP5E
was significantly overexpressed in Naive T cells, fibroblasts, endothelial cells, and CD8" T cells in DM patients. Spe-
cificimmune cell subsets, such as Naive T_RGCC, CTL_TYROBP_CL4, Mac_SLC40A1, and M1_CCL3L1, likely contribute
to DFU formation through overactivation and proliferation, leading to tissue damage and ulcer exacerbation. Key
genes TPP1, TLR4, and RIPK2 were identified, and 88 active ingredients in the herbal drug-target network showed
strong correlations with these targets. Herbs like Angelica dahurica, Angelica sinensis, Boswellia carterii, liquorice,
myrrh, and Semen armeniacae amarae were included.

Conclusions This study offers insights into DM and DFU cytology. T cells in DFU are activated, attacking normal tis-
sues and worsening tissue damage. The ATP5E gene may be related to the ecological remodeling of DM, and TPPT,
TLR4, and RIPK2 are potential targets for DFU treatment.
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Introduction

Diabetes mellitus (DM) is a significant global health
issue and a chronic metabolic disease characterized by
hyperglycemia. It results from the destruction of p-cells,
impairing insulin secretion, or the inability of insulin to
bind effectively to its receptors, leading to elevated blood
glucose levels. In addition to genetic predispositions,
viral infections, and unhealthy lifestyles are also con-
tributing factors to DM [1, 2]. DM encompasses several
types, including type 1 diabetes (T1D), type 2 diabetes
(T2D), and gestational diabetes, with T1D accounting for
5-10% of all cases. T1D is an autoimmune disease, typi-
cally manifesting in childhood, where antibodies target
pancreatic islet cells, leading to -cell destruction. T2D,
on the other hand, represents the majority of DM cases
and is associated with age, obesity, and other metabolic
factors [3, 4]. The prevalence of DM is rising at an alarm-
ing rate, with recent studies predicting that the global
prevalence in adults will reach 5.4% by 2025—an increase
of 1.4% compared to 1995 statistics. The highest num-
ber of patients are projected to be in the USA, India, and
China.

DM can lead to a wide range of serious and life-threat-
ening complications, making it one of the most compli-
cation-prone diseases [5]. Diabetic foot ulcer (DFU) is
a common complication of DM, affecting an estimated
30% of individuals with diabetes at some point in their
lifetime. Among those with moderate to severe DFU,
approximately 20% will face some degree of amputation.
DFU significantly increases mortality, with affected indi-
viduals experiencing a 2.5-fold higher risk of death within
5 years compared to those with DM alone. In addition,
DFU contributes to increased morbidity, a greater impact
on quality of life, and imposes a severe psychosocial bur-
den on patients [6, 7]. As a result, the burden of diabetes-
related complications is a critical healthcare issue, and
there is an urgent need for research into new therapies
and treatments for DFU.

Single-cell RNA sequencing (scRNA-seq) enables the
detailed analysis of gene structure and expression in indi-
vidual cells, revealing cellular heterogeneity [8, 9]. It is
now widely used to map the single-cell ecological land-
scape of various cancers, uncover potential molecular
mechanisms underlying disease onset, and provide a the-
oretical framework for the development of new therapies
and drugs. In this study, we apply scRNA-seq to map the
single-cell ecological landscape of diabetic and DFU tis-
sues, offering valuable insights into cellular function and
disease pathophysiology.
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Methods

Data sources and pre-processing

The scRNA-seq data used in this study (GSE165816) were
obtained from the GEO database (https://www.ncbi.nlm.
nih.gov/geo/). The data set includes 25 foot tissue sam-
ples, consisting of 5 DFU samples, 8 DM samples, and 11
healthy control samples. To maintain a balanced com-
parison across groups, we randomly selected five sam-
ples each from the DM and healthy control groups for
subsequent analysis, ensuring equal sample sizes across
the three groups. The 'sample’ function in R was used to
ensure randomness in the selection process, with the ran-
dom seed set to 100 to allow reproducibility. To further
validate the randomness and eliminate any potential bias,
the selection process was repeated multiple times. These
steps ensured that the five samples selected from both
the DM and healthy control groups were representative
and randomized, thereby supporting the fairness and sci-
entific rigor of the analysis.

We used the IntegrateData function [10] in the Seurat
package [11] to integrate scRNA-seq data and gener-
ate single-cell expression atlases (Seurat objects). Seurat
tools in R were employed for data quality control and
normalization, filtering out cells in the highest and lowest
1% of expression features, as well as cells with more than
10% mitochondrial gene expression.

Cell cluster analysis and subpopulation cluster analysis
The FindAllMarkers function in the Seurat package was
used to identify differentially expressed genes (DEGs)
in each cell cluster [10]. Subpopulation analysis was
performed for each cell type using Seurat to explore
the biological functions of disease-specific subpopula-
tions. Clustering results were visualized using UMAP
[12], which applies dimensionality reduction algorithms.
DEGs were identified across clusters in the control, DM,
and DFU groups, with a logfc.threshold of 0.25 and a p
value <0.01 considered significant.

Functional enrichment analysis

To investigate the biological pathways associated with
each cell subpopulation, we performed enrichment anal-
ysis of cluster markers using the ClusterProfiler package
in R [13, 14]. Pathways with a p value <0.05 were consid-
ered significantly enriched.

Pseudo-time analysis

Throughout life, cells undergo state transitions driven
by differences in gene expression. Pseudotime analy-
sis, based on transcriptional similarity, tracks the devel-
opmental progression of cells over pseudotime. In this
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study, we applied the Monocle 3 algorithms [15, 16] in R
to analyze the developmental trajectories of single cells.

Construction of gene regulatory network

Cellular heterogeneity within tissues arises from vari-
ations in transcriptional states, which are determined
and stabilized by gene regulatory networks (GRNs)
dominated by transcription factors (TFs). TFs regu-
late gene transcription by binding to downstream target
genes, ultimately shaping the cell's phenotype [17, 18].
Single-cell regulatory network inference and clustering
(SCENIC) is a method used to reconstruct GRNs from
single-cell transcriptome data and identify cell states
through co-expression and motif analysis. In this study,
we employed the python tool pySCENIC to analyze and
reconstruct TF-centered GRNS, inferring co-expression
modules [19, 20]. The transcription factor binding motifs
within these modules were sourced from the JASPAR
database (https://jaspar.genereg.net).

Clinical sample collection

DFU and DM patients who visited the First Affiliated
Hospital of Guangxi Medical University between Octo-
ber 2023 and May 2024 were selected for this study. We
collected foot skin tissue samples from 5 DFU patients,
including both ulcerated and corresponding distal nor-
mal skin tissues (Supplementary Table 1). In addition,
serum samples were obtained from 10 DFU patients
and 10 DM patients. All samples were collected with
the informed consent of the patients and approved by
the Ethics Committee of the First Affiliated Hospital of
Guangxi Medical University (No. 2022-KT-NSFC-260).

Immunohistochemistry

Paraffin sections were baked overnight at 62 °C and then
placed on a slide rack. The sections were sequentially
deparaffinized using Dewaxing Solutions I, II, and IIL
A 20X ethylenediaminetetraacetic acid (EDTA) antigen
retrieval solution was diluted to 1 X with double-distilled
water, adjusted to pH 9.0, and used for antigen retrieval
in a microwave. After lightly drying the sections, a cir-
cle was drawn around the tissue using a histochemical
pen, and primary and secondary antibodies were applied
for incubation. The slides were washed three times with
PBS on a decolorizing shaker, each wash lasting 5 min.
An autofluorescence quencher was added for 5 min, fol-
lowed by rinsing with running water for 20 min. Freshly
prepared diaminobenzidine (DAB) chromogenic solu-
tion (100pL) was added, and once the target protein
developed color without background staining, the reac-
tion was halted by rinsing with tap water. The sections
were then counterstained with hematoxylin, thoroughly
washed with pure water, and dehydrated sequentially
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with 75%, 85%, and 95% ethanol, followed by absolute
ethanol [, II, and III, each for 5 min. Finally, the sections
were cleared using Clearing Solutions I, II, and III, each
for 5 min. The sections were observed and imaged under
an optical microscope [21].

qRT-PCR

Total RNA was extracted from tissue samples using
SparKZol Reagent and reverse transcribed into cDNA.
The PCR reaction was conducted for 40 cycles, with
denaturation at 95 °C for 10 s, annealing at 60 °C for 20 s,
and extension at 72 °C for 30 s. B-Actin was used as an
internal reference, and each experiment was repeated
at least three times. The Ct values for each gene in each
sample were recorded, and the 2722t method was used
to calculate the relative expression levels of TPPI1, TLR4,
and RIPK2.

Construction of a potential target gene-drug network

To construct the potential target gene—drug network,
we used Cytoscape software (version 3.7.1), a platform
designed for visualizing complex networks and integrat-
ing them with various types of attribute data. This net-
work illustrates the intricate relationships between target
genes and herbal compounds. The active ingredients of
herbs are sourced from the Traditional Chinese Medicine
Systems Pharmacology Database and Analysis Platform
(TCMSP), and screened according to the standards of
oral bioavailability not less than 30% and drug similarity
not less than 0.18. Subsequently, the gene targets of these
traditional Chinese medicine ingredients were down-
loaded and intersected with the markers of the target cell
subpopulation. Finally, these ingredients and their gene
targets were introduced into Cytoscape. In the network,
each node represents either an herbal compound or a
gene target, while the edges (lines) between the nodes
represent the interactions between them, curated from
literature and experimental or predicted interactions
in databases. Using Cytoscape’s visualization tools, we
graphically represented the connections between herbal
compounds and gene targets. We then analyzed network
topology parameters, such as degree centrality, between-
ness centrality, and closeness centrality, to identify key
compounds and target genes. Nodes with high centrality
scores were considered potential key players in the treat-
ment of DFU and were validated through qRT-PCR and
immunohistochemistry experiments.

Data analysis and statistics

Statistical analyses were performed using R (https://
www.r-project.org/). Data  were  expressed as
mean + standard deviation (SD). Group comparisons
were made using either a ¢ test for two groups or one-way
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ANOVA followed by post hoc tests for multiple group
comparisons. A p value <0.05 was considered statistically
significant. In addition, correlation analyses were per-
formed using Pearson’s or Spearman’s correlation coeffi-
cients, depending on the data distribution. All statistical
tests were two-tailed.

Results

Global ecological landscape of DM and DFU

To investigate the cellular heterogeneity in DM and
(DFU, we analyzed scRNA-seq data from foot skin sam-
ples of five DM patients, five DFU patients, and five
healthy controls (Fig. 1A). The workflow of this study, as
shown in Fig. 1A, outlines the construction of a global
single-cell landscape for DM and DFU, followed by
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functional enrichment analysis, pseudotime analysis,
gene regulatory network construction, and the develop-
ment of a potential gene—drug target network.

After performing quality control and normalization,
cluster analysis of 34,742 cells identified 37 distinct cell
clusters (Fig. 1B). These clusters were further annotated
into 14 different cell types based on the expression of
known cell-specific marker genes (Fig. 1C and Sup-
plementary Table 2). The identified cell types included
smooth muscle cells (SMCs), endothelial cells (ENs),
fibroblasts (Fibro), macrophages (Mac), Naive T cells,
CD8™ T cells, epithelial cells (Ep), mast cells (Mast), basal
keratinocytes (Bas), differentiated keratinocytes (Diff),
melanocytes (Mel), sweat gland cells, B lymphocytes (B),
and plasma cells (Pla). Each cell cluster was characterized

Functional enrichment analysis
Pseudo-time analysis

Construction of gene regulatory network
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Fig. 1 Construction of a global single-cell ecological landscape of the diabetic and DFU. A Workflow of this study. Single-cell RNA sequencing

(10X Genomics) data from the feet of 5 diabetic patients with DFU, 5 DM patients and 5 healthy controls were analyzed, and 37 clusters of a total

of 34,742 cells were identified. B Single-cell atlas mapping cell types, including smooth muscle cells (SMCs), endothelial cells (EN), fibroblasts (Fibro),
macrophages (Mac), Naive T cells, CD8" T cells, epithelial cells (Ep), mast cells (Mast), basal keratin-forming cells (Bas), differentiated keratin-forming
cells (Diff), melanocytes (Mel), Sweat cells (Sweat), B lymphocytes (B) and plasma cells (Pla). C Specific marker genes in different cell types. D
Difference in the proportion of cellular components between the control, DM and DFU groups
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by specific marker genes, as demonstrated in Fig. 1C,
where selected marker genes such as EPCAM, CD68, and
KRTS helped define their respective cell populations.

Further analysis of cell types across different subpopu-
lations revealed significant differences in their distribu-
tion, especially among ENs, Fibro, SMCs, Naive T cells,
Mac, and CD8* T cells (Fig. 1D). In particular, ENs were
most abundant in the DM group, while Naive T cells,
Mac, and CD8* T cells were most prevalent in the DFU
group. This differential distribution suggests disease-spe-
cific cellular changes, which were the focus of subsequent
analyses. We performed detailed investigations on these
six key cell types to understand their roles in the patho-
physiology of DM and DFU (Fig. 1D and Supplementary
Table 3).

In summary, we constructed a comprehensive sin-
gle-cell atlas that highlights the cellular ecological dif-
ferences in the foot skin of DM and DFU patients. This
analysis provides a foundation for further investigations
into the molecular mechanisms driving these condi-
tions, with potential implications for targeted therapeutic
interventions.

The ecological landscape of the EN cell subpopulations

in DM and the DFU

Further clustering analysis of endothelial cells identified
nine distinct subpopulations (Fig. 2A). Each subpopula-
tion was characterized by the high expression of specific
marker genes, such as SELP, TCIM, ATP5SE, GNB2LI,
FABP4, SEMA3G, TPM2, TFF3, RNDI, and HLA-DRBS
(Fig. 2B, D). Among these subpopulations, EN_ATP5SE
was found to be specific to DM patients, indicating a
potential role in the pathophysiology of diabetes-related
endothelial changes (Fig. 2B). The analysis of abun-
dance variations among the different EN subpopulations
revealed that the EN_TCIM subpopulation was signifi-
cantly more prevalent in the DFU group, with the high-
est abundance observed in DFU patients (Fig. 2C). This
finding suggests a disease-specific expansion of this sub-
population in diabetic foot ulcer pathology. To explore
the biological pathways associated with these endothe-
lial subpopulations, enrichment analysis was performed,
revealing significant enrichment in pathways related to
type I diabetes, apoptosis, actin regulation, and MAPK
signaling (Fig. 2E). These pathways highlight the involve-
ment of endothelial cells in key mechanisms underlying
diabetes and its complications, such as DFU. Pseudotime
analysis (Fig. 2F) showed that endothelial cells initially
develop from the EN_SELP subpopulation and then dif-
ferentiate into various other subpopulations, including
EN_TCIM, EN_ATPSE, and EN_GNB2L1. This devel-
opmental trajectory further underscores the dynamic
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cellular changes in the endothelial landscape during dis-
ease progression.

In addition, GRN analysis (Fig. 2G) grouped the marker
genes into eight distinct modules, which were regu-
lated by TFs such as KLF13, LEF1, HIFIA, BATF, LHX6,
FOSL1, ETV7, MLXIPL, and TFAP2C. These TFs exhib-
ited high transcriptional activity across the endothe-
lial subpopulations (Fig. 2H), further emphasizing their
potential roles in regulating key genes and pathways
involved in diabetes and DFU.

In conclusion, the identification of distinct endothe-
lial subpopulations and their associated GRNs provides
new insights into the cellular and molecular mechanisms
underlying DM and DFU, highlighting specific pathways
and transcription factors that may serve as potential
therapeutic targets for disease intervention.

The ecological landscape of fibroblast clusters

Since fibroblast abundance increased in the DM group
and decreased in the DFU group compared to the control
group (Fig. 1D), we conducted further clustering analysis
of fibroblast (fibro) cells. This analysis identified nine dis-
tinct fibroblast subpopulations based on the expression of
known marker genes within each subpopulation (Fig. 3A,
B). The abundance of these subpopulations varied sig-
nificantly across different patient groups (Fig. 3C). To
better understand the changes in fibroblast subpopula-
tion proportions, we visualized their relative abundances
across the control, DM, and DFU groups (Fig. 3D). The
results revealed that the Fibro_NKD2 subpopulation was
significantly increased in the DFU group, showing the
highest proportion among all fibroblast subpopulations.
In contrast, the Fibro_ATPSE subpopulation was specifi-
cally enriched in the DM group, suggesting disease-spe-
cific alterations in fibroblast composition. Enrichment
analysis of these fibroblast subpopulations indicated
significant involvement in pathways related to type I
diabetes, B-cell receptor signaling, GnRH signaling, p53
signaling, and MAPK signaling (Fig. 3E). These pathways
underscore the critical roles fibroblasts play in mediat-
ing cellular responses within the DM and DFU micro-
environments. To further explore the developmental
trajectories of these fibroblast subpopulations, pseudo-
time analysis was performed. This analysis revealed that
fibroblast development initiated from the Fibro_QPCT
subpopulation and progressed into several distinct sub-
populations, including Fibro_NKD2 and Fibro_ATP5E
(Fig. 3F). In addition, GRN analysis revealed that the
regulatory framework centered around TFs was organ-
ized into 11 modules (Fig. 3G). Key TFs such as RFX2,
DBP, PAXS5, GATA3, PAX1, and ETV4 were identified
as regulators of specific gene expression patterns within
these fibroblast subpopulations (Fig. 3H), suggesting
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Fig. 2 Ecological landscape of the endothelial cell populations. A Single-cell atlas showing cell clusters of endothelial cells. B Marker genes

specific to each subpopulation. C Single-cell atlas shows clusters of endothelial cells in control, DM and DFU groups. D Differences in abundance
of various subpopulations of Endothelial cells in the control, DM and DFU groups. E Biological pathways involved in endothelial cells. F Trajectory
and pseudo-time values of endothelial cells progression. The pie charts show the proportion of different groups in the cluster. G Gene regulatory

network of the endothelial cell subpopulations. H Series of scatter plots demonstrating transcription factors regulating endothelial cell

subpopulations
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Fig. 3 Ecological landscape of fibroblasts. A Single-cell mapping of cell clusters of fibroblasts. B Single-cell atlas showing genes specifically
expressed in each subpopulation of fibroblasts. C Single-cell atlas shows clusters of fibroblasts in Control, DM and DFU groups. D Variation

in the abundance of subpopulations of fibroblasts in different subpopulations. E Biological pathways involved in fibroblasts. F Developmental
trajectory of fibroblasts. The pie chart shows the proportion of different groups in the cluster. G Fibro clusters of transcription factors
in a co-expression pattern. Left: Heat map identifying co-expression modules; Middle: Major transcription factors and their binding sequences;
Right: Cellular clusters of transcription factors. H Series of scatter plots demonstrating transcription factors regulating fibroblasts subpopulations
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their pivotal roles in shaping fibroblast heterogeneity and
function in DM and DFU.

In summary, our analysis revealed distinct fibroblast
subpopulations with disease-specific abundance patterns
in DM and DFU. These fibroblast subpopulations are
involved in key signaling pathways, and their develop-
mental trajectories are governed by complex gene regu-
latory networks centered around specific transcription
factors. These findings provide valuable insights into the
role of fibroblasts in the progression of diabetes and its
complications, highlighting potential therapeutic targets
for further exploration.

The ecological landscape of smooth muscle cells

The cellular abundance of SMCs was significantly
reduced in the DFU group compared to the control and
DM groups (Fig. 1D). Further clustering analysis identi-
fied nine distinct SMC subpopulations (Fig. 4A), each
characterized by specific marker genes mapped onto the
single-cell landscape (Fig. 4B). The single-cell landscapes
of the control, DM, and DFU groups revealed significant
heterogeneity among these different SMC subpopula-
tions, reflecting disease-specific alterations (Fig. 4C).
Among these subpopulations, SMCs_RGS5_CYGB
exhibited a significantly higher abundance in the DFU
group, making it a major component of the DFU cellu-
lar microenvironment (Fig. 4D). This distinct abundance
pattern likely reflects functional differences between the
subpopulations. Enrichment analysis of these SMC sub-
populations revealed significant involvement in several
key signaling pathways, including the MAPK signal-
ing pathway, Wnt signaling pathway, and p53 signaling
pathway, suggesting their role in regulating disease pro-
gression (Fig. 4E). Pseudotime analysis (Fig. 4F) was
conducted to explore the developmental trajectories of
the SMC subpopulations, revealing that differentiation
initiated from the SMCs_C20rf40 subpopulation and
progressed into other subpopulations. In addition, GRN
analysis (Fig. 4G) identified 11 regulatory modules, with
TFs such as ZBTB33 and ETVI showing significant
changes in expression and activity (Fig. 4H), potentially
playing critical roles in regulating SMC function and dif-
ferentiation in DFU.

In conclusion, the analysis revealed significant hetero-
geneity among SMC subpopulations in DM and DFU,
with distinct disease-specific distributions. The increased
abundance of the SMCs_RGS5_CYGB subpopulation in
DFU highlights its potential role in the disease’s cellular
ecology. Enrichment of key signaling pathways, such as
MAPK, Wnt, and p53, along with the identification of
critical transcription factors like ZBTB33 and ET'V1, pro-
vides valuable insights into the molecular mechanisms
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regulating SMC function and differentiation in DFU,
offering potential therapeutic targets for intervention.

The ecological landscape of Naive T cells

The abundance of Naive T cells was significantly higher
in the DFU group compared to the control and DM
groups. This prompted further investigation into the
dynamic changes of Naive T cells across these groups.
Using the UMAP algorithm, we clustered the Naive
T cells into 10 distinct subpopulations (Fig. 5A) and
mapped their marker genes onto a single-cell atlas
(Fig. 5B). These subpopulations displayed considerable
heterogeneity among different patients (Fig. 5C). Among
the subpopulations, Naive T_RGCC was significantly
enriched in the DFU group, forming a major component
of the DFU cellular ecology (Fig. 5D). Enrichment analy-
sis revealed that Naive T_RGCC was primarily involved
in the MAPK signaling pathway, T-cell receptor signaling
pathway, antigen processing and presentation, and NOD-
like receptor signaling pathway. Another subpopulation,
Naive T_TIGIT, was notably associated with the T-cell
receptor signaling pathway, antigen presentation, and the
type 2 diabetes signaling pathway (Fig. 5E). Cell devel-
opmental trajectory analysis (Fig. 5F) showed that the
differentiation of these subpopulations originated from
the Naive T_COL6A 1 subpopulation, which acted as the
starting point for further differentiation. GRN analysis
(Fig. 5G) revealed that the network, centered around TFs,
was organized into six modules. Key TFs, such as ELK3,
IRX3, ZBTBI14, BHLHE41, NFATC4, and SPIB, were
identified as regulators of Naive T cell gene expression
(Fig. 5H), highlighting their roles in regulating key path-
ways and contributing to the functional heterogeneity of
Naive T cells in DFU.

In conclusion, the analysis revealed significant enrich-
ment of the Naive T_RGCC subpopulation in the DFU
group, highlighting its involvement in key signaling
pathways such as MAPK, T-cell receptor signaling, and
antigen presentation. The identification of transcription
factors like ELK3, IRX3, and NFATC4 as key regulators
further emphasizes the functional diversity of Naive T
cells in DFU, offering potential targets for therapeutic
interventions aimed at modulating immune responses in
diabetic complications.

Further analysis on the ecological landscape of CD8* T cell
clusters

The abundance of CD8" T cells was significantly
higher in the DFU group compared to the control
and DM groups, prompting further investigation
into the heterogeneity of this cell type. We identified
seven distinct CD8" T cell subpopulations, including
CTL_TYROBP_CL4, CD8* T_RGCC_NR4A1, and CD8"
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Fig. 4 Ecological landscape of SMCs. A Single-cell atlas showing that SMCs comprise nine major cell subpopulations. B Single-cell atlas showing
genes specifically expressed in each subpopulation of SMCs. C Single-cell atlas shows clusters of SMCs in control, DM and DFU groups. D Difference
in abundance of each subpopulation of SMCs in the control, DM and DFU groups. E Signaling pathways involved in SMCs subpopulations. F
Developmental trajectory of SMCs. The pie chart shows the proportion of different populations in the SMCs subpopulations. G Gene regulatory
network of the SMCs subpopulations. H Transcription factors regulating SMCs subpopulations
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T_ATPSE (Fig. 6A). A detailed analysis revealed that sub-
populations such as CTL_TYROBP_CL4, CD8' T_RGCC
_NR4A1, CD8" T_MGP, CD8" T_MTIE, CD8" T_RGCC
, and CTL_CCL4L2 were present across the control,
DM, and DFU groups, while CD8+T_ATP5E was spe-
cifically detected in the diabetic patient group (Fig. 6B).
Further analysis of compositional changes among the
subpopulations indicated that CTL_TYROBP_CL4
was significantly increased in the DFU group, exhibit-
ing the highest enrichment among all CD8" T cell sub-
populations (Fig. 6C). Specific genes such as ATPSE,
CCL4, CCL4L2, MGP, NR4A1, and RGCC were over-
expressed in these subpopulations (Fig. 6D). Enrich-
ment analysis highlighted that key pathways such as
MAPK signaling, NOD-like receptor signaling, T-cell
receptor signaling, antigen processing and presentation,
ECM-receptor interactions, Toll-like receptor signal-
ing, cytoplasmic DNA sensing, chemokine signaling, and
cytokine—cytokine receptor interactions regulated the
functional changes in CD8" T cells (Fig. 6E). Pseudotime
analysis further revealed the developmental trajectories
of these CD8" T cell subpopulations, with CD8" T_MGP
acting as the origin point for subsequent differentiation
(Fig. 6F). GRN analysis identified seven distinct modules
of transcriptional regulation (Fig. 6G). Transcription fac-
tors such as ZNF597, RARA, RFX5, ETV5, ZSCAN29,
SNAII, and TBX21 were recognized as key regulators
of gene expression in these CD8* T cell subpopulations
(Fig. 6H), playing pivotal roles in modulating their behav-
ior across the different disease states.

In conclusion, the analysis revealed significant het-
erogeneity among CD8" T cell subpopulations, with
CTL_TYROBP_CL4 being particularly enriched in the
DFU group. The identification of key signaling pathways,
such as MAPK, NOD-like receptor, and T-cell receptor
signaling, along with the involvement of critical tran-
scription factors like ZNF597, RARA, and RFXS, under-
scores the role of these subpopulations in the immune
response and disease progression in DFU. These findings
provide potential targets for therapeutic interventions
aimed at modulating CD8" T cell function in diabetic
complications.

Exploration of the ecological landscape of macrophages

The abundance of Mac in the control and DM groups was
comparable; however, in the DFU group, macrophage
abundance was nearly double that of the DM group. This
underscores the importance of studying the developmen-
tal changes of macrophages in patients at different stages
of disease progression. Based on marker gene expression,
we identified 10 main macrophage subgroups (Fig. 7A,
B), which were further divided into detailed subclusters
(Fig. 7C). Among these, Mac_SLC40A1 and M1_CCL3L1
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were significantly more abundant in the DFU group com-
pared to the control and DM groups, with Mac_SLC40A 1
showing the most pronounced increase (Fig. 7D). To
understand the molecular mechanisms underlying these
macrophage subpopulations, KEGG pathway enrichment
analysis was performed, revealing significant involvement
in pathways such as type I diabetes, allograft rejection,
antigen processing and presentation, TGF-$ signaling,
natural killer cell-mediated cytotoxicity, MAPK signal-
ing, T-cell receptor signaling, chemokine signaling, and
NOD-like receptor signaling (Fig. 7E). Cell developmental
trajectory analysis (Fig. 7F) indicated that M1_SPARCLI
serves as the starting point for macrophage differentia-
tion, giving rise to various subpopulations under differ-
ent regulatory conditions. To investigate TF activation
events related to cell state changes, we constructed a
GRN. This analysis revealed that the GRN, centered
on TFs, was organized into 11 modules (Fig. 7G). Key
TFs involved in macrophage state transitions included
FOXO3, FOSB, MAF, REST, ZNF148, TFAP2B, TEADI,
and FOXCI (Fig. 7H). In addition, we observed that the
ATP5E gene was exclusively expressed in the DM group
(Supplementary Fig. 1A). Further analysis across vari-
ous cell types demonstrated significant overexpression of
ATPSE in endothelial cells, CD8" T cells, fibroblasts, and
immature T cells within the DM group (Supplementary
Fig. 1B). The abundance of subpopulations expressing
ATPSE increased significantly in these cell types in the
DM group (Figs. 2C, 3C, 5C, 6C).

In conclusion, the analysis revealed a significant
increase in macrophage subpopulations, particularly
Mac_SLC40A1 and M1_CCL3L1, in the DFU group, sug-
gesting their crucial role in the disease progression. Path-
way enrichment indicated involvement in key immune
and inflammatory processes, such as TGF-B and MAPK
signaling. The identification of transcription factors like
FOXO03, FOSB, and MAF as regulators of macrophage
state transitions highlights their potential as targets for
therapeutic intervention in DFU. In addition, the exclu-
sive expression of ATPSE in the DM group suggests its
potential involvement in diabetic cellular mechanisms,
particularly in endothelial cells, CD8* T cells, and
fibroblasts.

Construction and analysis of the potential herbal drug-
gene network

Using cell-specific marker genes, we constructed a com-
plex network of herbs commonly used for treating DFU.
The top three marker genes identified in this network
were TPP1, TLR4, and RIPK2, which showed strong cor-
relations with several active herbal ingredients, includ-
ing Angelica dahurica, Angelica sinensis, Boswellia
carterii, liquorice, myrrh, and Semen armeniacae amarae
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Fig. 6 Ecological landscape of CD8" T cells. A Single-cell mapping of CD8* T cell subpopulations. B Single-cell atlas showing marker genes for each
subpopulation of CD8* T cells. € Single-cell atlas shows clusters of CD8* T cells in the control, DM and DFU groups. D Differences in the abundance
of CD8™ T cell subpopulations in the control, DM and DFU groups. E Signaling pathways involved in CD8* T-cell subpopulations. F Developmental
trajectory of CD8" T-cell subpopulations. The pie chart shows the proportion of different populations in the cluster. G Gene regulatory network

of the CD8* T cell subpopulations. H Transcription factors regulating subpopulations of CD8* T cell subpopulations



Vu et al. European Journal of Medical Research (2024) 29:606

- |
] o7 [ ] . .
- a ]
) N
* fw l
® M1_SPARCL1
® M2_C10A [ |
® Mac_HLA-DRBS 025
® M2a_COL5A2
® Mac_S1008
Mac_LGALS2 - .
® M1_CCL3L1 D.l S—
© Mac_SLC40AT < . o ° DM -
© MaccCCL22 = q;gf‘ - ® DFU ca & & &
© Mac SIGLECTS ™ ymaP_1 © Control @9 Mac_SLC40AT @8 M2_C10A @B N1_SPARCL1@S M2a_COLSA2 & Mac_HLA-DRBS
@ M1_CCLOL1 @8 Mac_LGALS2 = Nac_S1008 @B Mac_CCL22 @B Mac_SIGLECTS
CCL3L1 COL5A2 HLA-DRB5 Density
¢ 0.020
s
) ) ) : 0.015 |
0.010
0.005
SIGLEC15 SLC40A1
Yy 5 F 0.000

. . e | dabetes melitus
. o [ograt refecton
o o .ol o presentation
. o
o . e @ |Natra iterco medtate cytotoncty
— o o |mTOR sgnaing patway
L o - o |vito chlerae infcton
@
L lee ® o .o |weKsnaingpatay
. N JoglFoR)
s
lf . e o o .
LN ] ® - o L] N
2
. ot ot
L] L] L] .
L o o o o [Tl receptrsgaing patnvay
ciee o aiog
.

UMAP 1 UMAP 1
Cluster Group Pseudo-time 2
© MI_SPARCL1 © Mac_LGALS2 @ Control [ 8
® M2CIQA @ MI_CCLaLi  ® DM z
@ Mac_HLA-DRB5@ Mac_SLC40AT @ DFU 0 <
® M2a_COL5A2  ® Mac_CCL22 Isﬂ 2
@ Mac_S100B @ Mac_SIGLECT5 0 @

H

M1_ccLaLt

M2_C10A

Mac_ccL22

M1_SPARCLY

M2a_coLSA2

umAR_2

UMAP_1

Regulons

Transcription factor Binding motif Cells

[Foxas]

Irose |

MAF
[ ResT |
| ZNFMS‘
|TFAP2B|

‘TEATJJ

[Foxet

© Foxct
o waFe
© Fose
© ResT
e FOKO3

TEAD
° TFAPB O
° V18

8
@
2|
5]
@
Q
0

TAAACA-
ATeACSTohs
frand:
{16148
00CTEe.
oG
~cATxCe.

<o cxableh.

Mac_LGALS?

Ve SIGLEGTS |
| mac_scaont |
Mac_HLA-DRBS
fiec 66122 ]
‘ M175PARCL1‘
mcewaur |
o |

M2a_coLsn2|

Mac_SIGLEC1S

Mac_S1008.

Mac_SLC40A1

Regulons

Fig. 7 Ecological landscape of Mac. A Single-cell mapping of Mac subpopulations. B Single-cell atlas showing marker genes for each
subpopulation of Mac. C Single-cell atlas shows clusters of Mac in the Control, DM and DFU groups. D Differences in the abundance of Mac
subpopulations in the Control, DM and DFU groups. E Signaling pathways involved in Mac subpopulations. F Developmental trajectory of Mac
subpopulations. The pie chart shows the proportion of different populations in the cluster. G Gene regulatory network of the Mac subpopulations.
H Transcription factors regulating subpopulations of Mac subpopulations

Page 130f 18



Vu et al. European Journal of Medical Research (2024) 29:606

(Fig. 8A). To validate the hypothesis that these genes are
associated with the immune microenvironment of DFU,
we examined the mRNA expression levels of TPP1, TLR4,
and RIPK2 in serum and tissue samples from DM and
DEFU patients using qRT-PCR. Our results showed a sig-
nificant increase in the expression levels of TPP1, TLR4,
and RIPK2 in the serum and skin tissue of DFU patients
compared to controls (Fig. 8B). Furthermore, immuno-
histochemistry revealed significantly higher expression of
these genes in the diseased skin tissues of DFU patients
compared to healthy skin (Fig. 8C).

These findings suggest that TPPI, TLR4, and RIPK2
may serve as potential drug targets for DFU treatment,
and targeting these genes could inhibit the progression
and spread of the disease.

Discussion
In this study, we mapped a comprehensive single-cell atlas
of DM and DFU, providing new insights into the cellular
heterogeneity and distinct gene expression patterns asso-
ciated with these conditions. Our findings significantly
enhance the understanding of cellular dynamics in dia-
betic patients and those with DFU, establishing a robust
foundation for future in-depth research. We conducted a
detailed analysis of key cell types, including endothelial
cells, SMCs, fibroblasts, and identified specific subsets of
T lymphocytes and macrophages. In addition, we charac-
terized the biological functions and molecular pathways
involved in these subpopulations and constructed GRNs
for each cell type. This integrative approach offers a novel
perspective compared to previous single-cell analyses
of DFU [22]. While our results align with other studies
regarding the general composition of microenvironmen-
tal cell clusters, our focus on distinct patient groups and
data sets highlights important differences. While the
foundational data align in identifying immune cell dys-
regulation and impaired wound healing mechanisms,
this study provides novel insights by focusing on distinct
subpopulations, particularly in endothelial cells, SMCs,
T cells, and macrophages, along with exploring potential
therapeutic targets using a TCM pharmacology network.
Studies have shown that SMCs contribute to neo-angi-
ogenesis and vasculogenesis, processes that are crucial
for wound healing in DFU. SMCs and pericytes facilitate
the formation of new blood vessels, which is essential
for providing nutrients and oxygen to the healing tissues
in DFU patients [23, 24]. In this study, the proportion
of endothelial cells and fibroblasts in foot skin initially
increased and then decreased, while the abundance of
SMCs tended to decrease during the progression from a
healthy state to diabetes and the formation of DFU. Con-
versely, the abundance of immune cells, such as Naive
T cells and macrophages, decreased initially and then
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increased, with a progressive increase in the abundance
of CD8" T cells, indicating enhanced immune infiltration
and an inflammatory environment. We hypothesize that
in diabetic patients, hyperglycemia-induced inflamma-
tion leads to sustained immune system stimulation [25],
resulting in hyperimmunity and the proliferation of pro-
inflammatory immune cells [26, 27]. These cells become
activated and attack normal tissues, causing tissue dam-
age. In addition, excessive activation, proliferation, and
repair of fibroblasts contribute to fibrosis and skin ulcer-
ation, mediating the development of DFU [28].

In this study, the analysis of SMCs, endothelial cells, T
cells, and macrophages revealed distinct cellular changes
during the progression from a healthy state to diabetes
and the development of DFU. The abundance of SMCs,
which play a role in angiogenesis and vasculogenesis,
decreased significantly in DFU patients. Of particular
interest was the SMCs_RGS5_CYGB subpopulation,
which was highly enriched in DFU and likely contributes
to cell death through the pro-apoptotic actions of RGS5
and CYGB, two genes known to induce apoptosis and
lipid peroxidation [29-31].

Endothelial cells are crucial for vascular function and
wound healing [23]. In DFU, the EN_TCIM subpopula-
tion was significantly increased, suggesting a role for
TCIM in promoting endothelial cell survival and prolifer-
ation through the Wnt and NF-kappaB pathways [32, 33],
contributing to local tissue damage and necrosis [34].

T cells, particularly the Naive T_RGCC subpopula-
tion, were also enriched in DFU, indicating an immune
response activation. RGCC, a cell cycle regulatory gene,
promotes mitosis and immune cell proliferation [35, 36],
while TYROBP and CCL4 were associated with enhanced
immune infiltration [37], exacerbating inflammation and
contributing to tissue damage in DFU.

Macrophages, critical for all stages of wound heal-
ing, showed dysregulated polarization in DFU [23]. Two
subpopulations, Mac_SLC40A1 and M1_CCL3LI, were
significantly increased, suggesting their role in immune
activation and excessive inflammatory responses. The
overexpression of SLC40A1 promotes cell survival, while
CCL3L1 drives leukocyte activation [38], both of which
may contribute to the impaired healing process in DFU.

In addition, we found that ATPSE seems to play an
important role in the progression of DM. ATP5E was
significantly overexpressed in Naive T cells, fibroblasts,
endothelial cells, and CD8* T cells in the DM group. A
related study reported that ATPSE expression is upregu-
lated in diabetes [39], suggesting that ATPSE may be
associated with ectopic remodeling in DM.

In this study, we constructed a pharmacological net-
work of TCM to identify potential therapeutic targets for
DFU. The network analysis revealed that TPP1, TLR4,
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and RIPK2 are highly associated with several bioactive
compounds from commonly used herbs such as Angel-
ica dahurica, Angelica sinensis, Boswellia carterii, liquo-
rice, myrrh, and Semen armeniacae amarae. These herbs
are known for their anti-inflammatory, antioxidant, and
wound-healing properties, which align well with the
pathophysiological processes of DFU. TPP1 is a lyso-
somal enzyme involved in protein degradation, and its
function in DFU may relate to extracellular matrix deg-
radation and tissue repair, which are critical for wound
healing. TLR4, a pattern recognition receptor, plays a
key role in recognizing pathogens and initiating immune
responses. Overactivation of the TLR4 signaling pathway
has been implicated in chronic inflammation in DFU,
which can delay wound healing and exacerbate tissue
damage [40]. RIPK2 is a kinase involved in the NOD2
signaling pathway, which regulates immune responses
and inflammation. Research suggests that RIPK2 plays
a role in controlling cell apoptosis and inflammatory
responses, both of which are critical in ulcer healing [41].

The experimental validation of these target genes fur-
ther supports their involvement in DFU pathogenesis.
We observed significant upregulation of TPP1, TLR4,
and RIPK?2 in both serum and tissue samples from DFU
patients compared to controls, as demonstrated by
qRT-PCR results. Immunohistochemistry analysis con-
firmed that these genes are highly expressed in the dis-
eased skin tissues of DFU patients, compared to healthy
skin. These findings strongly indicate that TPP1, TLR4,
and RIPK2 may serve as valuable therapeutic targets for
DFU treatment. The bioactive compounds found in the
identified herbs likely interact with these target genes to
mediate their therapeutic effects. For instance, Angelica
dahurica has been shown to promote angiogenesis and
reduce inflammation through the activation of key sign-
aling pathways such as ERK1/2, Akt, and eNOS, which
are important for wound healing [23]. Similarly, Angelica
sinensis enhances blood circulation and exhibits anti-
inflammatory properties, both of which are beneficial in
the treatment of chronic wounds like DFU [42]. Boswellia
carterii and liquorice are known for their anti-inflam-
matory and antimicrobial activities, which can mitigate
excessive immune responses and infection in DFU [24,
43]. Myrrh and Semen armeniacae amarae also possess
potent anti-inflammatory and wound-healing proper-
ties, which may further support their use in DFU treat-
ment [44]. In summary, the combined use of network
pharmacology and experimental validation highlights the
potential of these TCM compounds to target key path-
ways involved in DFU. By modulating the expression of
TPP1, TLR4, and RIPK?2, these herbs may help to restore
proper immune function, reduce chronic inflammation,
and promote tissue repair. This study provides a strong
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foundation for the development of novel therapeutic
strategies for DFU based on the use of traditional herbs
and their bioactive compounds. However, further in vivo
studies and clinical trials are needed to fully validate the
therapeutic efficacy of these compounds in the treatment
of DFU.

This study has several limitations. First, the small sam-
ple size may not fully reflect the heterogeneity of DFU,
and larger cohorts are needed for validation. Second,
while bioinformatics analyses were supported by qRT-
PCR and immunohistochemistry, further in vitro and
in vivo experiments are required to confirm the roles of
identified genes in DFU. Third, the cross-sectional design
limits our ability to track dynamic changes in cell popula-
tions during DFU progression. In addition, although the
study identified potential therapeutic targets through a
TCM pharmacology network, experimental validation of
these molecular interactions is still needed. The patient
cohort lacked diversity, limiting the generalizability of
the findings. Finally, other important factors in the DFU
microenvironment, such as angiogenesis and oxidative
stress, were not explored in detail. Future studies should
address these limitations to improve clinical relevance.

Conclusion

In summary, we explored the differences in cell types
and further analyzed cell subpopulations by construct-
ing single-cell profiles of DM and DFU tissues. We found
that some immune cell subsets, such as Naive T_RGCC,
CTL_TYROBP_CCL4, Mac_SLC40A1, and M1_CCL3L1,
may be involved in the formation of DFU. These subsets
tend to overactivate, proliferate, attack normal tissues,
and exacerbate skin ulcers. In addition, TPP1, TLR4, and
RIPK2 have been identified as target genes for traditional
Chinese medicine drugs, providing a theoretical basis for
further drug discovery to treat DFU.
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