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Purpose: Macrophage polarization plays a critical role in the chronic wound healing of diabetic foot ulcers (DFU). Recent studies
have shown that adipose-derived mesenchymal stem cells (ADSCs) can reduce inflammation in DFU and promote wound healing.
Despite advances in stem cell therapy, the molecular mechanisms by which ADSCs regulate macrophage polarization in DFU healing
remain unclear, and robust prognostic models for DFU are lacking. This study aims to identify macrophage polarization-associated
molecules in DFU and explore whether ADSCs promote DFU healing by regulating these molecules.

Patients and Methods: Macrophage polarization-associated differentially expressed genes (MA-DEGs) were screened from
GSE134431 and GSE80178 datasets. Protein-protein interaction (PPI) networks were constructed using STRING and Cytoscape.
Machine learning and Firth regression were employed to develop a prognostic model, which was evaluated using receiver operating
characteristic (ROC) curves. The expression of predicted genes (EREG and CSTA) and the regulatory effects of ADSCs on these genes
were validated in both DFU mouse model and THP-1 cells.

Results: A total of 30 macrophage polarization-associated differentially expressed genes (MA-DEGs) were identified, including
18 hub genes. These MA-DEGs were primarily enriched in pathways related to leukocyte chemotaxis and interleukin-4 and 13. A two-
gene prognostic model was constructed using machine learning and Firth regression, achieving an AUC greater than 0.944 in both the
training and external validation datasets. In vivo and in vitro experiments demonstrated that ADSCs regulate EREG and CSTA
expression to promote macrophage M2 polarization and facilitate DFU wound healing.

Conclusion: This study elucidates the molecular mechanisms by which ADSCs facilitate DFU healing via macrophage M2
polarization. The identified two-gene MA-DEGs model not only serves as a potential prognostic biomarker but also provides
promising targets for DFU therapy.

Keywords: diabetic foot ulcer, macrophage polarization, prognostic model, adipose-derived mesenchymal stem cells

Introduction
Diabetic foot ulcers (DFU) are a prevalent complication in individuals with diabetes mellitus. They are a leading cause of
diabetes-related hospitalizations and lower limb amputations, affecting approximately 25% of patients with diabetes over
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their lifetime.' This condition impose a substantial burden on both patient quality of life and global healthcare systems.
It underscore the urgent need for effective prognostic and therapeutic strategies.*

Wound healing is a dynamic and complex biological process typically divided into four interrelated phases:
hemostasis, inflammation, proliferation, and remodeling.® Following injury, platelets release transforming growth factor
(TGF-p), platelet-derived growth factor (PDGF), and other factors. These factors recruit neutrophils and macrophages,
initiating the inflammatory phase of healing.” In the early stage of inflammation, neutrophils play a dominant role. As
inflammation progresses to the later stage, neutrophils decrease and are replaced by macrophages.® Macrophages can be
broadly categorized into pro-inflammatory M1 and anti-inflammatory M2 phenotypes.” M1 macrophages exert pro-
inflammatory effects. They have enhanced phagocytosis and antigen processing capabilities. They promote host defense
by upregulating cytokines such as interleukin-1 (IL-1), IL-6, IL-12, and tumor necrosis factor-alpha (TNF-a).'® M2
macrophages can be induced by various stimuli, such as IL-4, IL-13, and glucocorticoids. They play key roles in
suppressing inflammation, promoting wound healing, and facilitating tissue remodeling.'®"'? Thus, M2 macrophages are
essential for coordinating the transition from inflammation to the proliferative phase through the release of soluble
mediators.” During the proliferative phase, keratinocytes and fibroblasts migrate to the wound site, contributing to re-
epithelialization and wound contraction, which ultimately promote healing.

In skin injuries without underlying pathophysiological defects, wound healing proceeds orderly. However, in DFU,
the healing process is often arrested at the inflammatory phase. Persistent chronic inflammation hinders wound healing."
The hyperglycemic microenvironment in DFU promotes sustained M1 pro-inflammatory responses while impairing M2
macrophage polarization.'* This impaired polarization disrupts the transition from the inflammatory phase to the
proliferative and remodeling stages.'” Prolonged inflammation exacerbates tissue damage and ultimately contributes to
the formation of non-healing ulcers. Meanwhile, a prolonged hyperglycemic environment accelerates the accumulation of
advanced glycation end products (AGEs). These AGEs impair keratinocyte and fibroblast function by inhibiting growth
factor activity and enhancing pro-inflammatory cytokine production.'® As a result of these molecular alterations, the
healing process remains stalled in the inflammatory phase. This leads to pathological inflammation and impaired
endogenous repair mechanisms, ultimately preventing progression to subsequent healing phases.'’

Mesenchymal stem cells (MSCs), including ADSCs, have emerged as promising candidates for enhancing wound
healing due to their multipotent differentiation potential and paracrine-mediated immunomodulatory effects. Recent
studies have shown that MSCs modulate the inflammatory microenvironment by suppressing M1 polarization and
promoting M2 phenotype transition, thereby decreasing pro-inflammatory cytokines (eg, TNF-a, IL-6) and increasing
anti-inflammatory mediators such as IL-10."® Additionally, MSCs secrete angiogenic factors such as vascular endothelial
growth factor (VEGF) and fibroblast growth factor (FGF), which stimulate neovascularization and fibroblast prolifera-
tion, critical for tissue regeneration.'® These mechanisms are particularly relevant in DFU, where impaired angiogenesis
and dysregulated macrophage activity contribute to chronic non-healing wounds.

ADSCs, a subset of MSCs isolated from adipose tissue, possess the fundamental properties of MSCs and exhibit
potential for differentiation into adipose, bone, and cartilage, making them a versatile source for tissue repair.”>*' The
mechanisms by which ADSCs ameliorate DFU-associated lesions align with the general functional profile of MSCs.
They exert immunomodulatory effects by suppressing T lymphocyte proliferation, inhibiting dendritic cell (DC)
maturation, and downregulating M1 macrophage polarization.”* In addition, ADSCs promote angiogenesis primarily
through the secretion of VEGF.'® These actions address the core pathological features of DFU, including sustained
inflammation and inadequate vascularization.”> Wound formation triggers an acute inflammatory response, which serves
to clear necrotic tissue and initiate tissue repair and remodeling.** However, DFU typically manifests as sustained
chronic inflammation. This impairs tissue repair.”> ADSCs possess distinct immunomodulatory capabilities. They exert
anti-inflammatory effects in an inflammatory microenvironment by inhibiting T lymphocyte proliferation, DC matura-
tion, and M1 macrophage polarization, thereby facilitating wound healing.*®

This study analyzed the DFU-related datasets from the GEO database (Gene Expression Omnibus) to identify hub
genes involved in DFU formation. A prognostic model for DFU was established using machine learning. The model’s
predictive performance was validated in an independent external dataset. Key genes identified from the model—EREG
and CSTA—were further validated in a DFU mouse model. They were found to be highly expressed and implicated in
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DFU pathogenesis. Treatment with ADSCs reduced the expression of EREG and CSTA in DFU, promoted macrophage
polarization toward the M2 phenotype, and achieved therapeutic effects on DFU.

Materials and Methods

Raw Data Collection

Gene expression data and annotation information for datasets GSE134431, GSE80178, and GSE143735 were retrieved
from the GEO (https://www.ncbi.nlm.nih.gov/geo/) database. The GSE134431 dataset included RNA-seq on DFU biopsy
tissues and human skin wound biopsies, identifying a distinct inflammatory signature in DFU compared to normal wound

healing. The GSE80178 dataset compared DFU with human acute wounds (AW), revealing dysregulation in key healing
processes such as inflammation. The GSE143735 dataset examined gene expression differences between healthy
controls, diabetic patients without DFU, and DFU patients. The research aims and findings of these three datasets are
consistent with those of our current study. In this study, GSE134431 and GSE80178 were used as discovery sets, while
GSE143735 was used as a validation set. Detailed information about each gene set is provided in (Table 1).

Macrophage Polarization-Associated Differently Expressed Genes (MA-DEGs)

Identification
GEO2R (https://www.ncbi.nlm.nih.gov/geo/geo2r/) was utilized to identify differentially expressed genes between DFU

tissue and the control group. Genes with adjusted P < 0.05 and |log,(fold change) | > 1 were identified as significantly
differentially expressed genes (DEGs).>’® The “ggplot2” and “pheatmap” packages in R (https://www.r-project.org/)

were used to visualize the differential results with volcano plots and heatmaps. “Macrophage Polarization” and
“Macrophage M2” were used as keywords to search for macrophage polarization-associated genes on the GeneCards
(https://www.genecards.org/) database. The intersection of identified macrophage polarization-associated genes and
differentially expressed genes (DEGs) in GSE134431 and GSE80178 was defined as MA-DEGs.

GO and KEGG Pathway Enrichment Analysis

The “ClusterProfiler”® and “org.Hs.eg.db™*° packages in R were used to conduct gene ontology (GO)®' and Kyoto
Encyclopedia of Genes and Genomes(KEGG)*? enrichment analysis of DEGs.

Hub Genes Identification
The STRING database (https:/string-db.org/)*>* was used to construct the Protein-protein interaction (PPI) network for
MA-DEGs and to perform GO and Reactome enrichment analysis. Interactions with a confidence score > 0.4 (medium

confidence threshold) were included. Cytoscape®® (Version 3.10.3, https:/cytoscape.org/) was used to identify key genes
through four methods: Maximum Neighborhood Component (MNC), Maximal Clique Centrality (MCC), Edge
Percolated Component (EPC), and Degree. MNC: Prioritizes nodes within dense functional modules (local functional

coherence). MCC: Detects core components of fully interconnected complexes (protein complex cores). EPC: Filters
noise by retaining high-confidence edges (STRING score >0.4), ensuring robustness. Degree: Identifies globally con-
nected hubs (breadth of influence). The top 20 genes from each algorithm were intersected to generate the final hub gene
list.

Table | Dataset Information

Dataset Platform | Count | DFU | Control

GSEI34431 | GPLI8573 | 21 13 8
GSE80178 GPLI16686 | 9 [3 3
GSEI43735 | GPLI1154 | 13 9 4
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Machine Learning

Four machine learning algorithms, including Least Absolute Shrinkage and Selection Operator (LASSO),”” random
forest (RF),¢ Support Vector Machine Recursive Feature Elimination (SVM-RFE),*” and eXtreme Gradient Boosting
(XGBoost)*® were applied to filter the hub gene list, and the intersection of key variables was taken. A DFU prognostic
model was developed using Firth regression based on the intersected genes. Firth regression was specifically developed
to address separation issues in logistic regression and small sample size bias, making it particularly suitable for clinical
studies with rare outcomes, such as DFU.>** The model’s predictive efficacy was validated in both the training and
validation sets using receiver operating characteristic (ROC) curves,”' The R packages “glmnet”,** “randomForest”,*
“e10717,* “xgboos‘[”,3 8 and “logistl"’45 were used to implement LASSO, RF, SVM-RFE, XGBoost, and Firth regression,

respectively. The “pROC”*® package was used for plotting ROC curves.

Immune Cell Infiltration Analysis

The landscape of 22 immune cell types in DFU was analyzed using the “CIBERSORT”*” R package based on the
CIBERSORT algorithm and the LM22 gene set.*® Subsequently, the correlation between the expression of key genes
EREG and CSTA and immune cell infiltration was analyzed.

Isolation and in vitro Culture of ADSCs

Adipose tissue was collected via liposuction from healthy donors at Peking Union Medical College Hospital with
informed consent. In the laboratory, the tissue was washed, minced, and enzymatically digested with 0.1% collagenase
I at 37°C for 30 minutes. After filtration through a 100 um strainer and centrifugation at 300 x g for 5 minutes, cells were
cultured in T75 flasks at 37°C with 5% CO,. The culture medium was replaced every 48 hours. When reaching 80-90%
confluence, ADSCs were passaged using TrypLE™ (Cat. No. 12604021, Thermo Fisher Scientific, USA).

Establishment of the DFU Mouse Model and ADSCs Treatment

Male BALB/c mice, aged 6—8 weeks and weighing 18-20 g, were purchased from Sipeifu (Beijing) Biotechnology Co.,
Ltd. to establish a DFU mouse model. Diabetes was induced using streptozotocin (STZ), and the mice were fasted for
12 hours before induction but were allowed free access to water. STZ was administered via intraperitoneal injection at
a dose of 120 mg/kg.*’ Blood glucose in mice was monitored daily after STZ induction until day 7. Mice with fasting
blood glucose levels exceeding 11.1 mmol/L were considered diabetic. Diabetic mice were anesthetized, and under
aseptic conditions, a 4 mm circular full-thickness skin wound was created on the dorsal hind limb using a biopsy punch.
To evaluate the therapeutic effect, 5x10° ADSCs suspended in 100 L PBS were subcutaneously injected into four
equidistant sites (25 pL per site) surrounding the wound margin.

Wound Closure Rate Assessment
The wound closure rate was analyzed using Image-Pro Plus 6.0 software. The closure rate was determined by comparing
the wound area on day 7 with the initial area, using the formula:

Wound closure rate (%) = [(initial area - area on day 7) / initial area] x 100%.

Histological Assessment of DFU Healing

On the 7th day after ADSCs administration, mice were euthanized, and wound tissues along with adjacent skin were
harvested. The samples were immediately fixed in formalin for 48 hours and then embedded in paraffin wax. The
embedded tissues were sectioned at a thickness of 5 um. Hematoxylin and eosin (H&E) and Masson’s trichrome staining
were performed to evaluate inflammatory cell infiltration and collagen fiber deposition, respectively.

Immunohistochemistry
To evaluate collagen deposition, immunohistochemistry (IHC) for collagen I was conducted following the protocols
provided by the antigen manufacturer. Antigen retrieval was performed by heating the slides in citrate buffer (pH 6.0) in
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a microwave. DAB (3,3'-diaminobenzidine) was used as a coloring solution, and the sections were counterstained with
hematoxylin. The intensity of collagen I expression was evaluated microscopically. Statistical comparisons between
treated and control groups were conducted to assess therapeutic efficacy.

Transwell Co-Culture Experiments Under AGE Conditions

Under AGE conditions, the regulatory effects of ADSCs on macrophages were conducted through transwell experiments.
Briefly, 10 mg AGE was dissolved in PBS to form a 10 mg/mL stock solution which was added to the culture medium at
a ratio of 1:50 to form a 200 pg/mL working solution.’® 1x10° Macrophages were seeded in the lower chamber, while
1x10° ADSCs were seeded in the upper chamber. After co-culture, RNA was extracted from macrophages for RT-qPCR.
Flow cytometry was used to detect macrophage markers. M0: THP-1 cells were treated with 100 ng/mL phorbol 12-
myristate 13-acetate (PMA) for 48 hours to induce adhesion and differentiation into MO macrophages. M1 polarization
factors: Lipopolysaccharide (LPS, 100 ng/mL) + interferon-y (IFN-y, 20 ng/mL). M2 polarization factors: Interleukin-4
(IL-4, 20 ng/mL) + interleukin-13 (IL-13, 20 ng/mL).

RT-qgPCR

According to the product manual of Takara’s RR820A, RT-qPCR was used to validate the expression of key genes EREG
and CSTA in mouse tissues and macrophages before and after ADSCs treatment. To ensure the reliability of our RT-qPCR
data, we conducted a reference gene stability analysis using the geNorm software.”’ GAPDH was identified as the most
stable housekeeping gene (M value < 0.5) and was used for normalization. Relative expression levels were calculated
using the 2"—AACt method. Primer sequences are listed in (Table 2).

Statistical Analysis

Statistical analyses were conducted using GraphPad Prism 9 and R software. Data are presented as mean + standard
deviation (SD). Group comparisons were performed using Student’s f-test, one-way analysis of variance (ANOVA), or
the Wilcoxon test. Benjamini-Hochberg correction was applied to control the false discovery rate (FDR). A two-sided
adjusted P value < 0.05 was considered statistically significant. Confidence intervals (95%) were calculated where
applicable.

Results

Flowchart of This Study

The flowchart of this study is shown in Figure 1. Differential expression analysis identified 30 MA-DEGs, and further
screening identified 18 hub genes. Four machine learning algorithms identified EREG and CSTA as critical genes for
DFU formation. A two-gene prognostic model was then established through regression analysis, and its predictive
performance was validated. Subsequently, the association of these two key genes with immune cell infiltration and their

Table 2 Primer Sequences

Human EREG Forward: ATCCTGGCATGTGCTAGGGT

Reverse: GTGCTCCAGAGGTCAGCCAT

Human CSTA Forward: AACCCGCCACTCCAGAAATC

Reverse: CACCTGCTCGTACCTTAATGTAG

Mouse Ereg Forward: AACTCAGGAACAATTTACGTCTCTG

Reverse: GCTTTGGTTCTCAGTATAGTGTGTG

Mouse Cstal Forward: TGCTGACCGGGTCAAAGCACAG

Reverse: CCTCGGTTTTGTTAGTCTGGT
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Hub gene screening GSE134431 GEO2R (|log2FC|>1,adj.P.Val<0.05) GSE80178 GEO2R (|log2FC|>1,adj.P.Val<0.05)
3,974 2,347
DEGs DEGs
intersection 631 “Macrophage polarization”

related genes

30
MA-DEGs
Protein-protein interaction network analysis
18
Hub genes
Adend em:lchment 3,974 12,347 GO, KEGG pathway enrichment
analysis DEGs
= GO, Reactome pathway enrichment
MA-DEGs g P v
Prognostic model 18
identification Hub genes
I I I I
LASSO RF SVM-RFE XGBoost
I I | I |
EREG, CSTA

v

Firth regression

Immune cell infiltration
analysis

Prognostic model

validation ROC curves in training and validation sets

Co-expression analysis of EREG, CSTA
and “Macrophage polarization” related genes

Expression in training and validation sets

Validation in model mice

Therapeutic mechanisms
P gfIADSCS I Validation in model mice

Validation in macrophages derived from THP-1

Figure | The flowchart of this study.

Abbreviations: DEGs, Differentially Expressed Genes; MA-DEGs, Macrophage-Associated Differentially Expressed Genes; LASSO, Least Absolute Shrinkage and Selection
Operator; RF, Random Forest; SYM-RFE, Support Vector Machine - Recursive Feature Elimination; XGBoost, eXtreme Gradient Boosting; ROC, Receiver Operating
Curves; ADSCs, adipose-Derived Mesenchymal Stem Cells.
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co-expression with macrophage polarization-associated genes were analyzed. Finally, in vivo and in vitro experiments
demonstrated that ADSCs treatment downregulated the expression of these genes, promoted M2 macrophage polariza-
tion, and facilitated DFU healing.

Analysis of DEGs in the DFU Datasets

A total of 3,974 and 2,347 DEGs were identified in the DFU datasets GSE134431 (Figure 2A and B) and GSE80178
(Figure 2C and D), respectively. Enrichment analysis of GO and KEGG pathways for these DEGs revealed that in dataset
GSE134431, the 3,974 DEGs were associated with pathways like skin barrier, keratinization, macrophage regulation
pathways, and AGE-RAGE signaling in diabetic complications (Figure 2E and F). The 2,347 DEGs in GSE80178 were
enriched in pathways such as keratinization, skin development, and AGE-RAGE in diabetic complications.
(Supplementary Material, Figure SIA and S1B).

Identification of Hub Genes

By intersecting the DEGs from both datasets with 631 macrophage polarization-associated genes obtained from
GeneCards, 30 MA-DEGs were identified (Figure 3A). The 30 MA-DEGs were input into the STRING website to
construct a PPI network and subjected to GO (BP, MF, CC) and Reactome enrichment analyses. The results revealed
significant enrichment in pathways such as leukocyte chemotaxis, RAGE receptor binding, and IL-4/IL-13 signaling
(Figure 3B and C). The PPI network was visualized and modified in Cytoscape (Figure 3D). The intersection of the top
20 ranked genes from four methods (MNC, MCC, EPC, and Degree) yielded 18 hub genes (Figure 3E). The top-ranked
gene lists obtained from each algorithm are provided in (Supplementary Material, Table S1). To validate these
computational predictions, RT-qPCR was conducted for 14 selected MA-DEGs (including EREG and CSTA). The
experimental results demonstrated high consistency with the bioinformatics findings: 12 out of 14 genes (85.7%)

exhibited concordant expression trends, and 11 genes (78.6%) showed statistically significant differential expression
(Supplementary Material, Figure S2).

Variable Selection and Construction of the Prognostic Model
To identify key genes involved in the development and progression of DFU, datasets GSE134431 and GSE80178 were
merged, followed by batch effect correction and normalization, forming the training dataset (Supplementary Material,

Figure S3A and S3B). LASSO regression identified 9 key genes (Figure 4A—C). Random forest and XGBoost identified 7
and 3 key genes, respectively (Figure 4D and E), while SVM-RFE identified 5 key variables (Figure 4F—H). Importantly,
EREG and CSTA were consistently identified across all four algorithms (Figure 4I). Subsequently, a two-gene DFU
prognostic model was constructed using Firth regression. Risk score for DFU = (—35.443) + 2.614 x EREG + 0.629 %
CSTA. This model demonstrated excellent predictive performance, achieving an area under the ROC curve (AUC) of >
0.99 in the training set (Figure 4J) and 0.944 in the independent validation set GSE143735 (Figure 4K). Additionally,
both EREG and CSTA individually exhibited strong predictive value, with AUC values > 0.88 in both training and
validation cohorts (Supplementary Material, Figure S3C-S3F).

Correlation Analysis of EREG and CSTA with Immune Cell Infiltration

To explore the correlation between EREG and CSTA and immune cell infiltration, especially macrophage infiltration, an
immune infiltration analysis was conducted. In the GSE134431 dataset, the DFU group showed a significant reduction in
M2 macrophages compared to the control group (Figure SA and B). In the GSE80178 dataset, the M2 macrophages in the
DFU group were reduced compared to the control group, but this difference was not statistically significant
(Supplementary Material, Figure S4A and S4B). To further validate the reduction of M2 macrophages in DFU, IHC
staining was performed on wound tissues from normal and diabetic mice. The results showed a marked decrease in

CD206* M2 macrophages in the diabetic wound tissues relative to the controls (Figure 5C and D). Subsequent correlation
analyses revealed that in the GSE134431 dataset, FREG and CSTA were significantly negatively correlated with M2
macrophage infiltration (Figure 5E and F). In the GSE80178 dataset, both EREG and CSTA showed a negative correlation
with M2 macrophages, though it was not statistically significant. Notably, in this dataset, FEREG and CSTA were
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Figure 2 Analysis of DEGs in the DFU datasets. (A) Heatmap and (B) Volcano plot of DEGs in GSE|34431. (C) Heatmap and (D) Volcano plot of DEGs in GSE80178. (E)
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Abbreviation: AUC, Area Under the Curve.

positively correlated with MO and M1 macrophages, respectively (Supplementary Material, Figure S4C and S4D). These
results may reflect variations in disease stage among samples, with macrophages transitioning dynamically from M1 to

M2 during DFU progression.

Co-Expression Analysis of EREG and CSTA with Macrophage Polarization-Associated

Genes
To explore the potential role of EREG and CSTA in macrophage polarization during DFU progression, a co-expression
analysis was performed between these two genes and a panel of macrophage polarization-associated genes. The analysis
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revealed strong associations with multiple polarization markers. In both GSE134431 and GSE80178 datasets, EREG and
CSTA showed a positive correlation with S100412, a pro-inflammatory molecule known to promote M1 macrophage
polarization (Figure 6A-D). Conversely, EREG was negatively correlated with CD163, a marker of M2 macrophages
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Figure 6 Co-expression Analysis of EREG and CSTA with macrophage polarization-associated genes. (A and B) Co-expression analysis of EREG and CSTA with the
macrophage polarization-associated gene S/00A/2 in the dataset GSEI34431. (C and D) Co-expression analysis of EREG and CSTA with the macrophage polarization-
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(Figure 6E and F), in both datasets. Full results of the co-expression analysis for dataset GSE134431 are presented in
(Supplementary Material, Table S2), and those for GSE80178 are provided in (Supplementary Material, Table S3).

EREG and CSTA Genes Were Upregulated in DFU

To investigate the involvement of EREG and CST4 in DFU, we analyzed their expression levels in patients from the
GSE134431 and GSE80178 datasets. Both genes were found to be significantly upregulated in DFU samples compared to
controls (Figure 7A-D).

To further examine whether ADSCs therapy could reverse this dysregulation, a streptozotocin-induced DFU mouse
model was established and divided into three groups: control, model, and ADSCs treatment group. Consistent with
human data, Ereg and Cstal expression levels were elevated in the DFU group and were significantly reduced following
ADSCs administration (Figure 8A). Functionally, wound healing was markedly impaired in the DFU model, as reflected
by a lower closure rate on day 7. ADSCs treatment significantly improved wound healing (Figure 8B and C). HE staining
showed that a large number of inflammatory cells infiltrated near the wound in DFU model mice, and the infiltration of
inflammatory cells was significantly reduced after ADSCs treatment (Figure 8D and E). Masson’s trichrome staining and
collagen I immunohistochemistry showed a significant reduction of collagen in the dermis of DFU model mice, which
significantly increased after ADSCs treatment (Figure 8D—G). The viability and duration of ADSCs in mice were
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Figure 7 The Expression of EREG and CSTA in DFU Patients. (A and B) The Expression of EREG and CSTA in the GSE134431. (C and D) The Expression of EREG and CSTA
in the GSE80178. **P <0.01, **P <0.001, ***P <0.0001.
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monitored using DID-labeled ADSCs. The results showed that the transplanted cells localized around the wound and
remained viable for up to 28 days post-injection (Supplementary Material, Figure S5A and S5B).

ADSCs Promote M2 Macrophage Polarization by Downregulating EREG and CSTA
Under AGE Conditions

The pathophysiology of DFU involves the accumulation of AGEs, which are key mediators of chronic inflammation. To
verify whether ADSCs can regulate macrophage polarization through modulation of EREG and CSTA under AGE
conditions. The effect of ADSCs on the expression of EREG and CSTA and their impact on macrophage polarization
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were observed in transwell co-culture experiments under AGE stimulation (200 pg/mL). After ADSCs treatment, the
expression of EREG and CSTA in M2 macrophages was significantly reduced (Figure 9A). Flow cytometry analysis
showed that ADSCs inhibited M1 polarization (14%) and promoted M2 polarization (181%) of macrophages
(Figure 9B). To further validate the regulatory effects of ADSCs on macrophage polarization, we detected M1 and
M2 markers of macrophages via RT-qPCR and found that ADSCs significantly inhibited the expression of M1 markers
while promoting the expression of M2 markers in macrophages (Figure 9C). These findings preliminarily demonstrate
that ADSCs can promote macrophage polarization toward M2 by downregulating the expression of EREG and CSTA.

Discussion

DFU continues to pose a substantial clinical challenge. The limited options for diagnosis and treatment lead to a high
amputation risk and significant patient suffering.’> Developing a robust prognostic model for DFU holds promise for
improving early detection and timely intervention, yet this field is still underexplored. Compared to conventional
indicators such as hemoglobin Alc or wound area measurements, our identified two-gene signature (EREG and CSTA)
provides a molecular-level prognostic tool, aligning with the emerging trends in precision medicine for chronic
wounds.'® Conventional therapies often fail to address the dysregulated macrophage polarization and persistent inflam-
mation of DFU. Thus, novel biomarkers and targeted interventions are required.

Dysfunctional macrophage polarization, particularly the imbalance between M1 and M2 phenotypes, has been
recognized as a key factor in the pathogenesis of DFU.'>* Consistent with this concept, our study identifies EREG
and CSTA as novel molecular drivers of M1 polarization, thereby expanding the current understanding of immune
dysregulation in chronic wounds. A recent investigation demonstrated that MSCs modulate macrophage phenotypes by
suppressing M1-associated pro-inflammatory markers, such as TNF-o and IL-6, and enhancing M2 anti-inflammatory
activity.'® The immunomodulatory effects of ADSCs observed in our study reflect this paradigm. This indicates
a conserved immunoregulatory mechanism across MSC subtypes. In particular, the modulation of inflammatory gene
expression appears to play a pivotal role in alleviating chronic inflammation and promoting wound healing.

Although histone methyltransferase MLL1 has been implicated in macrophage-mediated inflammation in diabetes,>
our study expands the mechanistic landscape by pinpointing downstream effector genes directly linked to macrophage
phenotype transition. Unlike previous research that focused on epigenetic modifiers, our data emphasize post-
translational and cytokine-driven pathways. Specifically, EREG promotes M1 polarization through Toll-like receptor
(TLR) mediated augmentation of pro-inflammatory cytokine production.” In the context of skin inflammation, EREG in
macrophages enhances TLR-mediated inflammatory responses, leading to increased production of IL-6 and TNF-a.>
Another study has shown that EREG plays a key regulatory role in the production of pro-inflammatory cytokines induced
by peptidoglycan in antigen-presenting cells, especially macrophages and dendritic cells.’” CSTA4, a cysteine protease
inhibitor from the cystatin superfamily, likely disrupts extracellular matrix remodeling through protease inhibition. It is
crucial for skin homeostasis and immune system function. Loss-of-function mutations in the CSTA gene are a genetic
cause of exfoliative skin syndrome.’® This protein plays a key role in intercellular adhesion between basal and upper
basal keratinocytes.” By inhibiting protease activity, CSTA may disrupt extracellular matrix remodeling and cell
adhesion, thereby exacerbating the inflammatory microenvironment. These mechanisms converge to reinforce a pro-
inflammatory state, impeding the transition from the inflammatory to the proliferative phase of healing. Collectively,
these mechanisms sustain a pro-inflammatory environment that delays the shift from inflammation to proliferation during
wound healing.®®

Placing our findings in a broader biological context, macrophages support myofibroblast proliferation and hetero-
geneity during tissue repair.°' Despite these advances in understanding the complex interplay between immune cell
dysregulation and DFU pathogenesis, the precise molecular circuitry governing macrophage polarization, including the
upstream regulators of EREG and CSTA expression, remains to be fully elucidated. Our study has identified these critical
nodes in this pathway, providing a foundation for targeted interventions.

In this study, we conducted a comprehensive analysis of MA-DEGs from two DFU-associated GEO datasets,
GSE134431 and GSE80178. GO and Reactome pathway analysis revealed that these MA-DEGs were significantly
enriched in leukocyte chemotaxis, IL-4/ IL-13 signaling pathways, and AGE-RAGE pathways. Using various topological
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algorithms in Cytoscape’s CytoHubba plugin, we identified 18 hub genes among the MA-DEGs. Further screening with
four distinct machine learning algorithms narrowed down the candidate genes to EREG and CSTA. These were identified
as key biomarkers in the development of DFU. Subsequently, a two-gene signature was established.

To evaluate the predictive capacity of this two-gene model, we used the two aforementioned GEO datasets as the
training set and an independent dataset, GSE143735, for validation. The model exhibited a high predictive accuracy
(AUC > 0.94) in both the training and validation datasets. Additionally, our analysis of immune cell infiltration in DFU
patients revealed a negative correlation between EREG and CSTA expression and M2 macrophage infiltration. Co-
expression analysis further showed that both genes were positively correlated with several M1 macrophage polarization-
associated genes, such as members of the SIO0A family. They were negatively correlated with the M2 macrophage
marker CDI163. This suggests that EREG and CSTA may influence macrophage polarization towards the pro-
inflammatory M1 phenotype, potentially exacerbating DFU progression.

In recent years, ADSCs have attracted a great deal of attention due to their potent anti-inflammatory, immune-
regulatory, angiogenic, and tissue-repairing properties.®>** The therapeutic potential of ADSCs in DFU healing is well-
documented. Studies have demonstrated that ADSCs accelerate wound healing by promoting angiogenesis and suppres-
sing inflammation.®>®” A study suggests that IL-10-enriched ADSCs enhance diabetic wound healing by modulating
macrophage polarization.®® Research on MSCs in promoting DFU wound healing has increasingly focused on underlying
molecular mechanisms and associated signaling pathways. For instance, ADSC-derived products have been shown to
promote wound healing in diabetic mice through SIRT1-mediated autophagy.®” Liu et al demonstrated that melatonin-
stimulated bone marrow MSCs significantly accelerated diabetic wound healing by targeting the PTEN/Akt signaling
pathway.””

This study aims to further investigate the critical mechanisms through which ADSCs regulate macrophage polariza-
tion and contribute to DFU wound healing. The goal is to identify novel prognostic and therapeutic targets for clinical
application. We confirmed the high expression of EREG and CSTA in DFU patients, DFU mouse models, and in vitro cell
experiments. This is consistent with the bioinformatics analysis results. We explored the beneficial effects of ADSCs
treatment on DFU wound healing in the DFU mouse model. We also investigated its inhibitory impact on the expression
of these two genes. Additional in vitro experiments confirmed that ADSCs promote M2 macrophage polarization and
inhibit the expression of these genes in cells. The therapeutic potential of ADSCs in DFU is reinforced by their ability to
downregulate EREG/CSTA and promote M2 polarization. This mechanism connects the known anti-inflammatory effects
of ADSCs in promoting wound healing with specific gene expression changes in macrophages.

However, several limitations of this study warrant further investigation. First, the clinical data used in this study are
from public databases. The available clinical information for the samples is incomplete. Despite batch effect correction
and data normalization, differences in sample collection standards across datasets may still impact the analysis results.
Second, although the expression levels of EREG and CSTA have been validated across multiple dimensions, including
patient samples, mouse models, and in vitro cells, the predictive power of the model has only been validated in a single
external dataset. This requires further validation and optimization in more patient samples. Third, while Firth regression
effectively addressed small-sample bias in our cohort, its conservative nature may have underestimated the effect sizes of
strong predictors. Future studies with larger sample sizes are needed to validate the prognostic model. Lastly, further
investigation is needed to elucidate the specific molecular mechanisms through which these two genes regulate
macrophage polarization and DFU wound healing. Additional functional studies, such as knockdown or overexpression
experiments, should be included in future research. These studies will provide essential preclinical evidence for exploring
EREG and CSTA as potential therapeutic targets for DFU.

Conclusion

Our study identified EREG and CSTA involved in the development of DFU and constructed a two-gene prognostic model
for DFU. The model’s predictive ability was validated in both the training and validation sets. Additionally, the
correlation between these two key genes and macrophage infiltration and polarization was confirmed. Preliminary
evidence suggests that ADSCs regulate macrophage polarization and promote wound healing by modulating the
expression of these two genes. The findings of this study provide valuable insights into predicting the occurrence and
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progression of DFU, and with further validation, these two genes may serve as potential clinical treatment targets
for DFU.
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