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Purpose: This study aimed to identify hub genes associated with mitophagy involved in the pathogenesis and progression of diabetic 
foot ulcer (DFU), and to characterize their immune cell infiltration features and single-cell expression profiles.
Methods: DFU-related datasets (GSE80178, GSE68183) were retrieved from the GEO database. Subsequently, differentially 
expressed genes (DEGs) were identified via limma analysis, followed by gene set enrichment analysis (GSEA) to assess gene function 
enrichment. Identified DEGs were intersected with mitophagy-related genes. Machine learning (ML) algorithms were further 
employed to identify hub genes. Additionally, immune cell infiltration was examined via the CIBERSORT algorithm, and the 
correlation between the identified genes and immune infiltration was investigated. Finally, hub genes identified were validated via 
the single-cell RNA sequencing dataset GSE165816, and further validated using RT-PCR and Western blot (WB) assays.
Results: Two hub genes, ANO6 and ALDH2, were identified and found to be significantly downregulated in the skin tissues of patients 
with DFU. Receiver operating characteristic (ROC) analysis demonstrated robust diagnostic potential (ANO6, AUC = 0.833, ALDH2, 
AUC = 0.806). Immune cell infiltration analysis demonstrated notable differences between the DFU and normal groups in naïve B cells, 
monocytes, resting mast cells, γδT cells, and regulatory T cells (Tregs). The findings were further validated through single-cell RNA 
sequencing (scRNA-seq) analysis and experimental studies, which confirmed the downregulation of ANO6 and ALDH2 in DFU tissues.
Conclusion: Two mitophagy-related hub genes, ANO6 and ALDH2, were identified and validated as being significantly down
regulated in DFU. Both genes demonstrated diagnostic potential and showed an association with immune cell infiltration. These 
findings suggest that mitophagy dysfunction may contribute to the pathophysiology of DFU, potentially through the dysregulation of 
inflammatory pathways and immune responses. While the results provide valuable insights into DFU and its management, further 
studies with larger cohorts and deeper exploration of mechanistic links to inflammation are necessary to translate these findings into 
therapeutic strategies.
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Introduction
Diabetic foot ulcer (DFU) is a leading cause of high amputation and mortality among patients with diabetes. It is 
characterized by damage to the epidermis or partial dermis of the foot.1,2 Clinically, DFU is commonly classified into 
three types based on etiology: neuropathic ulcers, neuroischemic ulcers, and ischemic ulcers. It is estimated that over 
550 million people worldwide have diabetes, and up to 34% of these patients will develop foot ulcers, with approximately 
20% of DFU patients undergoing lower limb amputation. The recurrent nature of DFU imposes a significant economic 
burden on both patients and society,3,4 therefore highlighting the urgent need to develop potential therapeutic targets and 
novel treatment strategies.
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Mitophagy is a selective form of cellular autophagy that transports damaged mitochondria to the lysosome for 
degradation, maintaining intracellular homeostasis.5 When mitophagy dysfunction occurs, the dysfunctional and damaged 
mitochondria can release high levels of reactive oxygen species (ROS) that accumulate within the cell, leading to 
apoptosis.6 The pathophysiology of wounds in DFU differs from that of normal wounds, characterized by an extended 
inflammatory phase, a limited proliferative phase, and a disordered remodeling phase.7,8 Cells in the wound microenviron
ment are subjected to a series of harmful effects, including hyperglycemia, metabolic products of glucose, oxidative stress- 
induced ROS, and repeated local infections by pathogenic microorganisms.9 These factors can trigger the release of a range 
of anti-inflammatory and pro-inflammatory cytokines.5,10,11 Studies have shown that mitophagy dysfunction occurs in 
DFU, causing cellular homeostasis imbalance and exacerbating the inflammatory microenvironment of the wound.12–14 

Targeting mitophagy may provide a promising strategy for the diagnosis, treatment, or management of DFU. Therefore, 
investigating mitophagy-related genes associated with DFU is crucial for deepening our understanding of its pathogenesis, 
improving diagnostic and therapeutic approaches, and enhancing evaluations for prognosis.

This study adopted machine learning (ML) algorithms, specifically Support Vector Machine Recursive Feature 
Elimination (SVM-RFE) and Random Forest (RF), to identify differentially expressed genes (DEGs) through bioinfor
matics methodologies based on transcriptome sequencing. The diagnostic significance of hub genes was assessed through 
the construction of receiver operating characteristic (ROC) curves, and a nomogram was created to illustrate the 
relationships among hub genes within the predictive model. Further validation of the expression of hub genes was 
performed in various single-cell types using the single-cell RNA sequencing (scRNA-seq) dataset. RT-PCR and Western 
blot (WB) assays were performed to detect the expression of the identified mitophagy-related hub genes and their 
corresponding proteins in DFU tissues. This work expands the mitophagy-related gene research relevant to DFU, 
identifying ALDH2 and ANO6 as potential novel regulators of diabetic wound healing. These findings enhance our 
understanding of mitophagy’s role in DFU progression and provide insights into its molecular mechanisms, diagnosis, 
and treatment.

Materials and Methods
Microarray Data Collection
RNA sequencing data were acquired from DFU and normal tissue samples (GSE80178, GSE68183) sourced from human 
subjects. The GSE80178 dataset comprised 3 normal tissue samples and 9 DFU tissue samples, whereas GSE68183 contained 
3 normal skin tissue samples and 3 DFU tissue samples. scRNA-seq data from DFU tissues and normal tissue samples were 
obtained from the dataset GSE165816. All datasets were downloaded from the GEO (https://www.ncbi.nlm.nih.gov/geo/) 
database. Mitophagy-related genes were sourced from the GeneCards (https://www.genecards.org/) database.

DEG Identification and Functional Enrichment Analysis
We normalized the GSE80178 and GSE68183 datasets using the “normalize between arrays” function to eliminate batch 
effects between the two GEO datasets. The “limma” package was employed for differential expression analysis, with 
thresholds set at P < 0.05 and |log2(FC)| > 1 to identify DEGs,15 when log2(FC) > 1, the DEG was considered 
upregulated in the DFU group compared to the normal group, while when the value < −1, it was considered down
regulated. The R programs “ggplot2” and “pheatmap” were employed to respectively create volcano plots and heatmaps, 
to visualize the DEGs.16 We performed gene ontology (GO) and Kyoto Encyclopedia of Genes (KEGG) analyses to 
investigate the probable biological processes linked to the DEGs17 using the “clusterProfiler” package in 
R. Subsequently, gene set enrichment analysis (GSEA) was carried out utilizing the R package “ReactomePA”. The 
results were visualized accordingly.18

Identification of Hub Genes
A Venn diagram displaying the differentially expressed mitophagy-related genes was created by intersecting DEGs with 
271 mitophagy-related genes from the GeneCards database using the R package “VennDiagram”. Two ML methods were 
employed to screen for hub genes in this study. First, the “e1071” package was adopted to perform SVM-RFE analysis. 
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The average misclassification rate was evaluated using 10-fold cross-validation, and the core feature genes that 
contributed most to the model’s performance were selected. Next, the Random Forest (RF) algorithm was adopted to 
perform random sampling with replacement on the DEGs, ensuring the accuracy of results even in case of data loss. The 
overlapping biomarkers identified by both algorithms were considered the optimal mitophagy-related gene biomarkers 
for DFU. The “pROC” package in R was utilized to construct ROC curves, and the area under the ROC curve (AUC) was 
computed to assess the diagnostic significance of the hub genes.19 When the DFU group and the normal group were 
mismatched or when there was a change in the sample distribution of the dataset, the ROC curve could stably assess the 
diagnostic performance of the model. A nomogram was ultimately developed with the “rms” package to visualize the 
relationships between hub genes within the predictive model.

Immune Infiltration Analysis
CIBERSORT (https://cibersortx.stanford.edu/) bioinformatics technique was employed to assess immune cell infiltration 
in order to examine the variations in the relative proportions of immune cells between DFU and normal tissues. 
A reference set comprised of 22 immune cell subtypes (LM22) with 1,000 permutations was used to compute the 
estimated relative abundance of immune cells. After that, to investigate how the immune cell infiltration of DFU and 
control samples differed, a bar plot was created via the “ggplot2” package. Additionally, the relationships between the 
identified hub genes and the 22 immune cell subtypes were also visualized.

scRNA-Seq Dataset Download and Processing
The scRNA-seq dataset GSE165816 was processed using the R package “Seurat”, and 11 cases of normal skin tissue and 
13 cases of foot skin tissue from DFU patients were selected from the dataset. Cell quality control was performed by 
evaluating the proportion of mitochondrial genes, the number of RNA features per single cell, and the total RNA 
sequencing count. Cells with mitochondrial genes accounting for less than 10% were retained, along with cells that had 
more than 200 genes, gene expressions ranging from 500 to 8000, and genes expressed in at least three cells. The 
LogNormalize function was adopted to normalize the expression level of each cell.20 Principal component analysis 
(PCA) was performed for dimensionality reduction, and t-SNE was used for cell clustering and visualization with 
a resolution setting of 20. The FindMarkers function was utilized to identify cells marked by known cell surface-specific 
markers. Finally, the PercentageFeatureSet function was applied to import hub genes, to quantify the expression 
distribution of hub genes expressed within different cell types.

Patient Recruitment and Clinical Data Collection
From June 2024 to August 2024, five DFU patients were recruited from the Department of Burn Surgery, First Affiliated 
Hospital of Nanchang University, for the collection of ulcer tissue from the wound and normal skin tissue from the 
perilesional area or discarded normal skin tissue after skin graft surgery. Normal skin tissue samples were collected from 
five patients in the Department of Plastic Surgery at the same hospital, either from normal skin tissue adjacent to scars 
during scar excision surgeries or discarded normal skin tissue after skin graft surgery. The protocol of the present study 
was approved by the Ethics Committee, the First Affiliated Hospital of Nanchang University, and adhered to the 
Declaration of Helsinki. Participants of this study provided written informed consent before the study commenced.

RT-PCR and WB Validation of Target Gene Expression in Clinical Samples
The collected clinical tissue samples were ground to extract RNA with Trizol. After RNA concentration was measured 
using a NanoDrop One UV-Vis spectrophotometer (Thermo Fisher Scientific, USA), RNA was reverse transcribed into 
cDNA according to the instructions of the TransScript One-Step gDNA Removal and cDNA Synthesis SuperMix kit 
(TransGen Biotech, China) using the Applied Biosystems 2720 Thermal Cycler (Thermo Fisher Scientific, USA). Primer 
synthesis services were provided by Sangon Biotech. Real-time PCR was employed using the ABI StepOne Plus™ Real- 
Time PCR System with the 2× M5 hiPer Realtime PCR SuperMix (Mei5bio, China). Relative expression levels of RNA 
were determined via the 2−ΔΔCT method, with experiments performed in triplicate.
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Tissue proteins were extracted using the RIPA method. The primary antibodies used were rabbit-derived anti-human 
ANO6 (Abmart, Shanghai, China) and anti-ALDH2 (Abclonal, Wuhan, China), along with the internal control antibody 
GAPDH (Proteintech, Wuhan, China). The secondary antibody was goat anti-rabbit (Abclonal, Wuhan, China). All 
antibodies were diluted according to the manufacturer’s instructions. The 10% PAGE gel was prepared using a PAGE Gel 
Fast Preparation Kit (Epizyme, Shanghai, China) according to the instructions. The electrophoresis buffer and transfer 
buffer were prepared using Fast Electrophoresis Powder and Fast Transfer Powder (Servicebio, Wuhan, China) as per the 
instructions. Western blot experiment was conducted using a vertical electrophoresis system (Bio-Rad, USA).

Primer sequences are as follows, with β-actin serving as the internal control.
Primer sequences for ANO6: F: TACCTGACTCCACAGACAGCCA, R: ATCAGTCTGGGTCCTTGGGAGT.
Primer sequences for ALDH2: F: TTGCCTCCCATGAGGATGTGGA, R: TTGCCTCCCATGAGGATGTGGA.
Primer sequences for β-actin: F: TCTCCCAAGTCCACACAGG, R: GGCACGAAGGCTCATCA.

Statistical Analysis
Bioinformatics and statistical analyses were performed utilizing R (version 4.4.0). Quantitative results were evaluated 
using Prism v9.0 and presented as mean ± standard deviation (SD). The t-test was adopted to appraise group differences, 
with P < 0.05 denoting statistical significance.

Results
Identification of DEGs Between DFU and Normal Samples
The GSE80178 and GSE68183 datasets were integrated to eliminate batch effects and normalized (Figure 1A and B). 
A 2D principal component analysis (PCA) clustering plot demonstrated the differences between the two groups after 
integration (Figure 1C). Based on differential expression analysis, 857 DEGs were identified in the DFU group (|log2 
(FC)| > 1, P < 0.05), including 269 genes upregulated and 588 genes downregulated. The DEGs were visualized via 
volcano plot and heatmap (Figure 1D and E).

Functional Enrichment Analysis of DEGs
In order to investigate the potential biological processes related to DFU, pathway enrichment analysis was performed on 
identified DEGs. The GO analysis, including biological process (BP), cellular component (CC), and molecular function (MF), 
then revealed enrichment in pathways such as skin epidermal and dermal development, extracellular matrix structure, 
regulation of monocyte chemotaxis involved in immune response, lysosomal lumen, basement membrane, centrosome 
satellite, glutathione peroxidase activity, proteoglycan binding, and cell resistance to stress (Figure 2A). KEGG analysis 
revealed that the DEGs were functionally enriched in pathways related to cytokine-receptor interactions, amino acid 
metabolism, and fatty acid metabolism (Figure 2B). GSEA results showed that two mitophagy-related pathways, Lysosome 
and Phagosome, were downregulated in DFU (Figure 2C), suggesting potential mitophagy dysfunction in DFU. Subsequently, 
271 mitophagy-related genes were retrieved from the GeneCards database, and 10 mitophagy-related DEGs were identified, 
including MAP1LC3A, BNIP3, TIGAR, HK2, RHOT1, VPS13C, ALDH2, ARL6IP5, ANO6, and BCL2 (Figure 2D).

Identification of Hub Genes
To further identify hub genes, this study employed SVM-RFE and RF algorithms. Through SVM-RFE, two genes were 
identified as candidate hub genes (Figure 3A). Feature importance was determined using the RF algorithm, and genes with an 
importance score greater than 1 were selected as candidate hub genes (Figure 3B and C). The common candidate genes 
identified by both methods were deemed as the hub genes for this study, specifically ANO6 and ALDH2. The ROC curve 
results demonstrated that the AUC values for both hub genes were higher than 0.7, indicating their diagnostic value. 
Subsequently, ROC curves were constructed for hub genes. The results indicated that both hub genes had AUC values 
above 0.7, suggesting favorable diagnostic performance for DFU (ANO6, AUC = 0.833; ALDH2, AUC = 0.806) (Figure 3D 
and E). A nomogram was also plotted to visualize the relationship between ALDH2 and ANO6 in the predictive model, as well 
as the morbidity. The calibration curve demonstrated the accuracy of the model’s predictions (Figure 3F).

https://doi.org/10.2147/JIR.S504001                                                                                                                                                                                                                                                                                                                                                                                                                                                           Journal of Inflammation Research 2025:18 4370

Fang et al                                                                                                                                                                             

Powered by TCPDF (www.tcpdf.org)



Immune Cell Infiltration and Correlation Analysis
The CIBERSORT algorithm was utilized to determine the relative proportions of 22 immune cell types in the samples 
(Figure 4A). Compared to normal subjects, the DFU samples exhibited increased infiltration of naïve B cells and 
monocytes, while infiltration of resting mast cells, γδT cells, and Tregs was decreased (Figure 4B). Correlation analysis 
indicated that the ALDH2 gene had a positive correlation with follicular helper T cells and resting mast cells, while 
demonstrating a negative correlation with resting NK cells, monocytes, and eosinophils (Figure 4C). The ANO6 gene had 
a positive correlation with γδT cells, resting mast cells, and M1 macrophages, and it demonstrated a negative correlation 
with plasma B cells, monocytes, and naïve B cells (Figure 4D).

Validation of Hub Genes at the scRNA-Seq Level
With the t-SNE clustering algorithm, all cells were clustered into 21 categories (Figure 5A). Based on the expression of 
established cell-specific marker genes, 10 cell types were identified: mesenchymal stem cells, fibroblasts, keratinocytes, 
T cells, chondrocytes, monocytes, endothelial cells, astrocytes, B cells, and NK cells (Figure 5B). To evaluate the variations 
in hub gene expression among cell types, the PercentageFeatureSet function was employed to input the identified 
mitophagy-related hub genes ALDH2 and ANO6, and the percentage of each hub gene in every cell type was obtained. 
Data from foot skin samples of 10 healthy individuals and 14 DFU patients were analyzed. The results showed that ALDH2 
was relatively highly enriched in keratinocytes, while ANO6 was enriched in fibroblasts (Figure 5C-E). Compared to the 
normal group, the expression levels of ALDH2 and ANO6 were both decreased in the DFU group (Figure 5F).

Figure 1 DEG identification between normal and DFU groups. (A) Boxplot of the integrated GSE80178 and GSE68183 datasets; (B) Boxplot after normalization; (C) PCA 
clustering plot of normal and DFU groups; (D) Volcano plot of DEGs in normal and DFU groups; (E) Heatmap of DEGs in normal and DFU groups.
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Validation of hub gene expression levels in clinical tissues
The Expression Levels of the Two Hub Genes, ANO6 and ALDH2, in the normal and DFU groups are shown in Figure 6A 
and B. In the GSE80178 and GSE68183 datasets, ANO6 and ALDH2 were found to be expressed at lower levels in the DFU 
group, with gene expression patterns consistent with the results from single-cell analysis. To further validate these findings, 
RT-PCR and Wb assays were performed on skin tissue samples from both the normal and DFU groups for confirmation of 
the expression levels of the hub genes and their proteins. The results showed that both ANO6 and ALDH2 were 
significantly downregulated at the RNA and protein levels in the DFU group compared to the normal group (Figure 6C–G).

Discussion
In recent decades, substantial efforts have been dedicated to exploring the pathophysiology of cells in DFU tissues, 
significantly enhancing our understanding of the wound-healing process of this disease. Increasing evidence has 
suggested that mitophagy phenotypes are associated with the wound-healing process in DFU. In this study, we retrieved 
data from the GEO database, including two previously published datasets, GSE68183 (whole-genome mRNA micro
array) and GSE80178, which provide information on mRNA expressions in DFU tissues. Additionally, the inclusion of 

Figure 2 DFU-related DEGs - functional enrichment analysis. (A) GO analysis of DEGs; (B) KEGG analysis of DEGs; (C) GSEA of mitophagy-related DEGs; (D) Venn 
diagram of mitophagy-related DEGs.
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the scRNA-seq dataset GSE165816 yielded valuable information regarding the molecular pathogenesis and pathophy
siology of immune responses and mitophagy in DFU.

Mitophagy has been widely studied in various human diseases, including neurodegenerative diseases, cardiovascular 
diseases, pulmonary diseases, acute kidney injury, alcoholic liver disease, skeletal muscle aging, cancer, autoimmune 
diseases, and metabolic syndrome. Mitophagy dysfunction plays a crucial role in the pathogenesis of diabetes-related 
complications, such as diabetic cardiomyopathy and diabetic nephropathy. Mitochondria are dynamic organelles that 
supply energy essential for cell survival.21 Under normal conditions, a dynamic balance is maintained between 
mitochondrial fusion and fission,22,23 when this balance is disrupted, pathological conditions of excessive or insufficient 
mitophagy occur, leading to disease onset. Increasing evidence suggests that, mitophagy is involved in many biological 
processes, including inflammation, metabolic transformation, and cellular reprogramming.24 Research has shown that 
hyperglycemia is directly linked to mitochondrial oxidative stress. Hyperglycemia can induce mitochondrial dysfunction, 
resulting in increased mitochondrial ROS release, decreased ATP production, and mitochondrial membrane depolariza
tion, which collectively impair mitochondrial homeostasis.12,25–27 Mitophagy is activated to initiate protective cellular 
mechanisms by clearing damaged or dysfunctional mitochondria, maintaining mitochondrial quantity to balance intra
cellular homeostasis.24,28 However, the specific molecules and mechanisms through which mitophagy dysfunction in 
DFU affects wound healing have not yet been fully elucidated.

Combining bioinformatics methods with clinical disease expression profile data is an effective strategy for identifying 
disease mechanisms, biomarkers, biological pathways, and functions, enabling efficient analysis of large-scale biological 
datasets. ML, as an artificial intelligence method, utilizes statistical algorithms to analyze datasets and is widely applied 
in screening feature data from high-throughput data. The integration of bioinformatics and ML algorithms provides 
a reliable and effective approach for identifying disease-related hub genes. In this study, two mitophagy-related hub 
genes, ANO6 and ALDH2, were identified through ML methods as being associated with DFU. Both genes were notably 
downregulated in the DFU group, aligning with the downregulation of ANO6 and ALDH2 observed in clinical skin 

Figure 3 Hub gene identification. (A) SVM-RFE analysis of hub genes; (B and C) RF analysis of hub genes; (D and E) ROC curves of hub genes; (F) Nomogram of hub genes.
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Figure 4 Immune cell infiltration and correlation analysis. (A) Relative proportions of 22 immune cell types infiltrating the normal and DFU samples; (B) Correlation 
analysis of immune cell infiltration in the normal and DFU groups, * p < 0.05,** p < 0.01; (C and D) Correlation analysis of hub genes with immune cell infiltration.
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Figure 5 Validation of hub genes at the scRNA-seq level. (A and B) t-SNE clustering of cells from normal and DFU groups; (C-E) Proportions of hub gene expression in 
various cell types; (F) Hub gene expression comparison at the single-cell level between the normal and DFU groups.
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tissue samples from DFU patients. This finding revealed that these two hub genes may have a role in the pathogenesis 
and pathological processes of DFU.

ANO6 encodes a Ca2+-dependent phospholipid scramblase, which mediates the translocation of phosphatidylser
ine (PtdSer) from the inner leaflet to the outer leaflet of the plasma membrane, increasing the exposure of PtdSer on 
apoptotic cells, thus releasing signals for macrophage engulfment and promoting the immune system’s clearance of 
apoptotic cells.29,30 However, ANO6 can cause the externalization of PtdSer in endothelial cells, activating 
ADAM17 to target and shed the insulin receptor α (IRα), reducing the sensitivity of endothelial cells to insulin 
and weakening the insulin signaling in the vascular endothelium of diabetic patients.31–33 ANO6 has also been 
identified as a Ca2+-activated Cl− and non-selective cation channel. The increase in Ca2+ influx triggers outwardly 
rectifying Cl− currents, leading to mitochondrial depolarization and promoting mitochondrial activation.34 

Mitophagy mediated by ANO6 may depend on the biological role of Ca2+, which has long been considered 
a ubiquitous intracellular second messenger. It plays a crucial role in regulating various biological processes such 
as development, proliferation, and secretion.35 The production of ATP within the cell primarily relies on oxidative 
phosphorylation in the mitochondria, which is regulated by the levels of Ca2+ in mitochondrial mechanisms.36 In 
macrophages, ANO6 stimulates P2X7R, leading to ATP-induced membrane blebbing and apoptosis, which plays 
a role in the macrophage-mediated immune response.37 Ca2+ may also alleviate disease-related inflammation by 
regulating macrophage polarization toward the M1 phenotype.38 The mechanism by which ANO6 affects DFU 
remains unclear, in this study, data analysis and experimental results revealed that ANO6 expression was reduced in 
the skin tissues of DFU patients. Immune infiltration analysis revealed that ANO6 expression was positively 
correlated with M1 macrophages, suggesting that ANO6 may influence M1 macrophage function and play a role 
in the pathology of DFU. These findings indicated that ANO6 may affect the pathological state of DFU and 

Figure 6 Validation of the expression levels of hub genes in clinical tissues. (A and B) Hub gene expression comparison in the GSE80178 and GSE68183 datasets between 
normal and DFU groups; (C and D) Hub gene RNA expression levels in clinical tissue samples, *** p < 0.001, **** p < 0.0001; (E) Wb assay of hub gene protein expression; 
(F and G) Hub gene protein expression levels in clinical tissue samples, ** p < 0.01, **** p < 0.0001.
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provided a potential target for investigating the molecular mechanisms by which ANO6 regulates the wound healing 
process in DFU.

ALDH2 is the mitochondrial isoform of aldehyde dehydrogenase. It is responsible for the metabolism of acetaldehyde 
and other toxic aldehydes.39 A loss-of-function mutation in ALDH2 is present in 8% of the global population, with about 
36% of East Asians (about 560 million) carrying the inactivated Glu504Lys missense mutation in the ALDH2 gene. 
Large-scale meta-analyses of genome-wide association studies (GWAS) have demonstrated a strong correlation between 
this inactivating mutation and type 2 diabetes mellitus.40,41 The accumulation of bioactive aldehydes due to oxidative 
stress can lead to cell death.42 For example, 4-hydroxy-2-nonenal (4-HNE), a byproduct of ROS-mediated mitochondrial 
lipid peroxidation, compromises mitochondrial membrane integrity, inhibits the electron transport chain, and decreases 
citric acid cycle activity. This reduction in ALDH2 activity increases mitochondrial permeability, induces mitochondrial 
dysfunction, and ultimately results in DNA damage.43–45 The lack of ALDH2 promotes the activation of pro- 
inflammatory macrophages, exacerbating the pathological progression of the disease.46 In vitro and in vivo experiments 
that knocked down the ALDH2 gene have confirmed that inhibiting ALDH2 expression can lead to mitochondrial DNA 
abnormalities, impaired insulin secretion, microvascular organ damage, and disrupted glucose metabolism, ultimately 
exacerbating the pathological state of diabetes.47–49 In contrast, the activation of ALDH2 can alleviate inflammation 
triggered by oxidative stress, promote the elevation of superoxide dismutase (SOD) levels, and inhibit the toxic 
accumulation of oxidative stress products such as ROS, malondialdehyde (MDA), and 4-hydroxy-2-nonenal (4-HNE) 
in cells, thereby protecting normal cellular biological functions.50,51 We observed similar results in this study, with 
ALDH2 expression being lower in the DFU group relative to the normal group. Previous studies have shown that one of 
the key reasons for the impaired healing process in DFU is the excessive inflammatory response, which blocks wound 
healing. Monocytes are integral to the inflammatory response, which differentiate into macrophages to participate in 
subsequent inflammatory processes. In line with other findings, our immune analysis revealed that ALDH2 expression 
was inversely correlated with the degree of monocyte infiltration. These results suggested that regulating the ALDH2 
gene and protein expression may improve the wound-healing process in DFU.

Certain limitations of our study need to be discussed. Firstly, despite collecting multiple clinical transcriptome 
databases of typical diseases and using scRNA-seq data for external validation, the relatively small sample size may 
affect the generalizability and reliability of the study results. Secondly, although this study combines bioinformatics and 
multiple ML algorithms, along with immune cell infiltration analysis, it still primarily relies on bioinformatics analysis of 
databases. While clinical tissue samples were collected and used to validate the expression of hub genes to enhance the 
reliability of the findings, the lack of necessary in vitro and in vivo experimental validation of hub gene functions limits 
a comprehensive understanding of the identified biomarkers’ roles. In addition, the clinical significance of mitophagy- 
related genes in DFU has not been thoroughly studied. To address these limitations, more extensive datasets and clinical 
cohort studies are required to validate the robustness of our findings and strengthen the reliability of the identified hub 
genes as diagnostic markers. Additionally, future research should focus more on the correlation between biological 
changes and clinical characteristics, which will help develop personalized therapeutic strategies targeting mitophagy. 
Finally, exploring the efficacy of targeting the identified mitophagy-related hub genes in clinical settings will be crucial 
for assessing their impact on DFU prognosis. These measures could contribute to establishing a comprehensive genetic 
framework to support the diagnosis, treatment, and prognosis of DFU.

In conclusion, this study provides new insights into the molecular mechanisms of DFU, with a particular focus on the 
role of hub genes in DFU and potential therapeutic strategies targeting these genes. Findings from this study provide 
fresh perspectives on the pathogenesis and genetic mechanisms of DFU, and indicate that ANO6 and ALDH2 may serve 
as biomarkers for targeted therapy.
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