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Background: Neutrophil extracellular traps (NETs) play an important role in the development of diabetic foot ulcers (DFUs), and 
improving its progression by targeting the activation and regulation of NETs-related genes (NETRGs) might be an important 
therapeutic target and deserve further exploration.
Methods: Differentially expressed NETRGs (DENETRGs) were obtained by intersecting the NETRGs and the differentially 
expressed genes (DEGs) between DFUs and healthy control (HC) samples. The nomogram was constructed with the biomarkers 
identified by machine learning algorithms. In addition, the immune infiltration was conducted to further analyze the pathogenesis of 
DFUs. We used quantitative real-time polymerase chain reaction (qRT-PCR) to verify the expression of the biomarkers.
Results: S100A12 and HPSE were defined as the biomarkers of DFUs, and both were significantly highly expressed in DFUs groups. 
Moreover, the diagnostic model with two biomarker was constructed. Besides, the proportion of the type 17 T helper cell and 
neutrophil were significantly increased, and the proportion of activated B cell was significantly decreased in the DFUs groups.
Conclusion: This study revealed the potential molecular mechanisms of NETRGs in DFUs, which could provide novel insights for 
the clinical diagnosis and treatment of DFUs.
Keywords: diabetic foot ulcers, neutrophil extracellular traps-related genes, diagnosis, immune infiltration, function, mechanism

Introduction
Diabetes mellitus poses a significant global public health issue. In recent years, its prevalence has been increasing at 
a remarkable rate.1,2 Diabetic foot ulcers (DFUs) represent a severe complication of diabetes mellitus, associated with 
high rates of morbidity and mortality.3 It typically appears as an ulcer, most commonly found on the plantar surface of 
the foot.4 Approximately 19% to 34% of diabetic patients will develop a DFUs during their lifetime, significantly 
increasing the risk of lower limb amputation.5–7 The annual incidence of DFUs ranges from 1.0% to 4.1%, with 
a prevalence of 4.6% in clinical settings.8,9 Furthermore, the mortality rate for patients with DFUs is alarmingly high, 
with 5.0% of patients with new ulcers dying within 12 months and 42.2% within five years.10 Current management 
strategies for DFUs include glycemic control, debridement, infection control, and offloading, but these measures often 
fall short in preventing complications and ensuring effective healing.7,11–15 Proper management of DFUs lowers the risk 
of amputations and hospitalizations, which in turn reduces healthcare costs.16 DFU biomarkers, as indicative character
istics of the pathogenesis of diabetic wounds, can enhance the understanding of DFU, facilitate early clinical diagnosis 
and forecast disease progression for DFU.17 Studies have shown that the levels of serum CRP, IL-6, fibrinogen, 
erythrocyte sedimentation rate, and white blood cell have been identified as useful parameters for the diagnosis of 
infected diabetic foot ulcer.17,18 However, the research on biomarkers in DFU is still in its early stage.17 Therefore, there 
is an urgent need to develop new and effective biomarkers for the accurate diagnosis of DFUs.
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Neutrophil extracellular traps (NETs) are web-like structures composed of DNA, histones, and antimicrobial proteins 
released by activated neutrophils to trap and kill pathogens.19 At the beginning, research regarding NETs mainly 
concentrated on their antimicrobial capabilities. But later on, it was found out that NETs also have crucial functions in 
a wide range of diseases.20 At present, NETs have emerged as a critical factor in the pathogenesis of various 
inflammatory and autoimmune diseases,19,21 including rheumatoid arthritis, systemic lupus erythematosus, and 
atherosclerosis.20 However, excessive or dysregulated NET formation can lead to tissue damage and exacerbate 
inflammation.19 Considering the fact that NETs have a dual function, being involved in both host defense and the 
development of diseases, they are thus likely to be important targets for therapeutic approaches.22,23 Comprehending the 
subtle equilibrium between the advantageous and harmful impacts of NETs is crucial for formulating efficient strategies 
to regulate them within diverse clinical scenarios.23 Recent studies have identified specific NET-related genes and 
proteins that may serve as biomarkers for disease severity and therapeutic targets.24,25 In the context of diabetes, 
NETs have been implicated in impaired wound healing and chronic inflammation, suggesting a potential role in the 
pathogenesis of DFUs.26–28 Heparanase (HPSE) is an endo-beta-D-glucuronidase capable of cleaving heparan sulfate and 
is associated with inflammation, wound healing and angiogenesis.29,30 S100A12, also known as EN-RAGE (extracellular 
newly identified RAGE ligand), mediates inflammation through its interaction with a multiligand RAGE.31

In this study, we integrated NETs-related genes (NETRGs) from the literature with transcriptomic data of DFUs from 
the Gene Expression Omnibus database (GEO) database, performing functional enrichment analysis and machine 
learning on differentially expressed NETs-related genes (DENETRGs). This study combines the the least absolute 
shrinkage selector operator (LASSO), support vector machine-random forest (SVM-RF) and Boruta algorithms for cross- 
validation to enhance the reliability of feature screening and provide methodological references for similar studies. We 
identified biomarkers associated with DFUs and constructed a novel clinical diagnostic model, providing potential targets 
for clinical diagnosis. Additionally, through gene set enrichment analysis (GSEA) and immune cell infiltration analysis, 
we explored the functions of biomarkers and the pathogenesis of DFUs. Finally, we constructed 
a competitive endogenous RNA (ceRNA) regulatory network for biomarkers and predicted potential drugs, further 
revealing the molecular mechanisms and providing a theoretical basis for a deeper understanding of the driving 
mechanisms of DFUs. This study systematically reveals the core role of NETRGs in DFUs, providing a new perspective 
for understanding the complex interaction mechanism in the chronic inflammatory microenvironment and contributing to 
the further improvement of the existing research system in this field.

Materials and Methods
Data Extraction and Pre-Processing
Totals of 69 NETRGs were selected from previous studies.32 Three microarray datasets were obtained from the GEO 
database (www.ncbi.nlm.nih.gov/geo/) based on the following criteria: Firstly, the included datasets must be derived from 
patients suffering from DFUs. Secondly, the samples should be wound tissue biopsies. Consequently, the GSE134431 
dataset (number of diabetic foot ulcers (NDFUs) = 13, number of healthy control (NHC) = 8), GSE68183 dataset 
(NDFUs = NHC = 3), and GSE80178 dataset (NDFUs = 9, NHC = 3) were extracted. Among them, the GSE134431 
dataset was used as the training dataset. The GSE68183 and GSE80178 datasets were combined and removed batch 
effect by using the “combat” function of the “sva” R package (version 3.48.0), and combined dataset (NDFUs =12, NHC 
= 6) was used as the validation dataset.17

Functional Enrichment Analysis of DENETRGs
The mRNA expression levels in GSE134431 dataset were compared by the “DEseq2” R package (version 1.40.2) 
(|log2Fold change| > 0.585, p < 0.05),33,34 and the differentially expressed genes (DEGs) in DFUs were obtained. The 
“DESeq2” package is used to analyze differentially expressed genes in RNA-Seq data. It is based on the negative 
binomial distribution model and can effectively handle the variability and technical duplication among samples.33 The 
“ggplot2” package (version 3.4.2)35 and “pheatmap” package (version 1.0.12)36 were utilized to draw volcano map and 
heat map respectively to show the expression levels of DEGs. Then, the DENETRGs were obtained by intersecting the 
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DEGs and NETRGs. In addition, the genomic locations of these DENETRGs in chromosomes were determined using 
“RCircos” package (version 1.2.2).37

Subsequently, the correlation analysis among the expression levels of DENETRGs was performed by the 
“base” R package (version 4.3.1). Moreover, the protein-protein interaction (PPI) network of DENETRGs was 
constructed by “STRING” website (https://cn.string-db.org/) (Maximum number of interactors = 0, Confidence > 
0.25).38 Furthermore, the functional enrichment analysis of these DENETRGs was conducted by “clusterprofiler” 
R package (version 4.8.2) (adj.p < 0.05),39 including Gene Ontology (GO) analysis and Kyoto Encyclopedia of 
Genes and Genomes (KEGG) analysis. clusterProfiler is a software package used for characterizing and interpret
ing omics data. Functional enrichment can be achieved through overexpression or gene set enrichment analysis.40

Screening for the Biomarkers of DFUs
In this study, the importance ranking and the best combination of DENETRGs were calculated by three machine learning 
algorithms. Then, the candidate genes were obtained by intersecting the results of these three algorithms (LASSO),41,42 

SVM-RF,41,43 and Boruta44,45). LASSO analysis was carried out using the “glmnet” package (version 4.1–8), with 3-fold 
cross-validation. Lambda.min was chosen as the final fitting model.46,47 The LASSO method is used to identify basic 
features from large-scale data and screen gene models.48 This method involves a cross-validation process to determine 
the optimal regularization parameter (λ), thereby balancing the bias-variance trade-off and improving the prediction 
accuracy of the model.49 SVM-RF analysis was conducted using the “caret” package (version 6.0–94).50 The feature 
subset was gradually optimized by recursively eliminating the features that made the least contribution to the model.51 

The Boruta algorithm provided by the “Boruta” package (version 8.0.0) was utilized for feature selection to identify 
important feature genes.52 Boruta is a feature selection algorithm that randomly destroys each true feature in sequence to 
evaluate the importance of each feature.53 The expressions levels of the candidate genes between DFUs and healthy 
control (HC) were compared by “rank-sum test” in both training and validation datasets, and the genes with the 
consistent expression were defined as the target genes for subsequent analyses. In order to study the ability to distinguish 
the DFUs of target genes and found the biomarkers of DFUs, the receiver operating characteristic (ROC) curves of each 
target genes were drawn by “pROC” R package (version 1.18.4) in both training and validation datasets.54 Then, based 
on the biomarkers, the diagnostic model (nomogram) was constructed with the biomarkers by “rms” R package (version 
6.7–0).55 Then, the calibration curve, decision curve analysis (DCA) curve, and the ROC curve of nomogram were drawn 
to verify the validity of this model.

The Function Analysis of Biomarkers and Immune Micro-Environment Analysis
On the one hand, the gene set enrichment analysis (GSEA) was performed for further studying the function of 
biomarkers according to the median expression value (q < 0.25, p < 0.05). On the other hand, the proportions of 28 
immune cells were calculated using the ssGSEA algorithm, and compared between DFUs and HC samples (p < 0.05). 
Then, the correlations between biomarkers and differential immune cells were explored by Spearman correlation 
analysis.

Construction of the ceRNA Regulatory Networks and Drug Prediction
The targeted microRNAs (miRNAs) were predicted in miRDB database (http://mirdb.org/), and the targeted 
long non-coding RNA (lncRNAs) were predicted in StarBase (v2.0) database (http://starbase.sysu.edu.cn/). 
Then, the ceRNA networks were constructed by “Cytoscape” software (version 3.7.2).56 In addition, the targeted 
drugs of biomarkers were predicted in Drug-Gene Interaction database (DGIdb, http://www.dgidb.org/). The 
selected key genes that were considered potential pharmaceutical targets for DFUs treatment were imported into 
DGIdb to explore existing drugs or small organic compounds. Finally, Pubchem (https://pubchem.ncbi.nlm.nih. 
gov/) was used to predict the secondary structure of drugs. We entered the chemical names of the drugs in the 
PubChem search box and downloaded the secondary structure diagram of the drug in the compound summary 
interface.
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Validation of the Expression of Biomarkers
Quantitative real-time polymerase chain reaction (qRT-PCR) was performed to validate the expression of biomarkers 
between DFUs and HC tissue samples, which were obtained from the Chenggong Hospital affiliated to Xiamen 
University. The specific information of included patients can be found in Table S1. This study was approved by the 
Medical Ethics Committee of Chenggong Hospital affiliated to Xiamen University, Ethics number: 73JYY2024145244. 
Total RNA was extracted using TRIZol (Thermo Fisher, Shanghai, CN), and mRNA was reverse transcribed into cDNA. 
The qRT-PCR reactions were performed using SureScript-First-strand-cDNA-synthesis-kit (Servicebio, WuHan, CN). 
Simultaneously, the internal reference gene GAPDH was utilized to guarantee that the qRT - PCR outcomes could 
precisely mirror the expression levels of biomarkers. The primer sequences of biomarkers and GAPDH were displayed in 
Table 1.

Statistical Analysis
All analyses were conducted using R language (https://www.r-project.org/). Differences between DFUs and HC groups 
were compared by “wilcoxon” test. To examine the relationship between the expression levels of biomarkers and immune 
cells, a Spearman correlation was applied. In qRT-PCR experiments, the 2−ΔΔCt method was used to determine gene 
expression levels. If not specified above, p < 0.05 was regarded as statistically significant.

Results
DENETRGs Were Associated with TNF, AGE-RAGE Signaling Pathways
There were 7,687 DEGs (4,162 up-regulated and 3,525 down-regulated) between 13 DFUs and 8 HC samples in 
GSE134431 dataset (Figure 1A). Then, 14 DENETRGs, including CREB5, CXCR1, CXCR2, CYP4F3, DYSF, 
ELANE, F3, HPSE, IL1B, KCNN3, MAPK1, MAPK3, RIPK3, and S100A12 were obtained by intersecting 7,687 
DEGs and 69 NETRGs (Figure 1B). All these DENETRGs were up-regulated in GSE134431 dataset, except for ELANE 
(Figure 1C). Besides, we found that most of these DENETRGs were located on the Chromosomes 1 and 2 (Figure 1D).

The correlation analysis results among the expression levels of DENETRGs were showed in Figure 1E, and the 
correlations between HPSE and CXCR1, HPSE and CXCR2, HPSE and S100A12, CXCR1 and CXCR2, CXCR1 and 
S100A12, CXCR2 and S100A12 were found to be higher. To further understand the molecular mechanisms involved in 
the development of DFUs, we performed functional enrichment analysis. GO analysis results showed that these 
DENETRGs were enriched in 614 entries (Table S2), such as granulocyte chemotaxis, granulocyte migration, 
C-X-C chemokine binding. And KEGG analysis showed that these DENETRGs were associated with 126 pathways 
(Table S3), such as TNF, AGE-RAGE signaling pathways, GnRH secretion. (Figure 1F). The PPI network of these 
DENETRGs was constructed with 14 nodes and 27 protein interaction relationship pairs (Figure 1G).

The Diagnostic Model of DFUs Constructed with S100A12 and HPSE
The characteristic genes of DFUs were screened by three kinds of machine learning. First, through LASSO analysis, 
HPSE, S100A12, F3, IL1B, and RIPK3 were defined as the characteristic genes 1 (Lambda.min = 0.024). IL1B, 
S100A12, F3, CXCR1, and HPSE were defined as the characteristic genes 2 (Variables = 5, AccuracyMAX = 0.97) 
by SVM-RF analysis, and HPSE, CXCR1, CXCR2, S100A12, F3, IL1B, MAPK3, RIPK3 were defined as the 

Table 1 Primer Used for qRT-PCR

Gene Primer (5’→ 3’)

HPSE F: CGCTGATGCTGCTGCTCCTG
R: AGCGGCTCCTGGGTGAAGAAG

S100A12 F: ACTCAGTTCGGAAGGGGCATTTTG

R: TGATGGTGTTTGCAAGCTCCTTTG
GAPDH F: GTGGACCTGACCTGCCGTCTAG

R: GAGTGGGTGTCGCTGTTGAAGTC
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characteristic genes 3 by Boruta analysis (Figure 2A–C). Then, the intersection of these characteristic genes was selected, 
and totals of four candidate genes, including IL1B, S100A12, F3, and HPSE were screened for following analysis 
(Figure 2D).

The expression levels of all four candidate genes were significantly higher in the DFUs groups compared to the 
validation dataset (combined dataset) (p < 0.05) (Figure 3A and B). However, only S100A12 and HPSE exhibited area 
under curve (AUC) values greater than 0.7 in both the training and validation dataset, thereby establishing them as 
biomarkers for DFUs (Figure 3C and D). These findings demonstrated that these biomarkers possess diagnostic value for 
DFUs. In addition, the qRT-PCR results showed that S100A12 and HPSE were significantly highly expressed in DFUs 
groups compared to HC groups (Figure 3E).

Based on the training dataset, the nomogram was constructed with two biomarkers (Figure 4A), the calibration curve 
of the nomogram showed that the slope closed to 1, and the area under the ROC curve (AUC value) of nomogram was 
0.962 (Figure 4B), which indicated that the nomogram model had an accurate predictive power and could be used as an 

Figure 1 Identification of differentially expressed neutrophil extracellular traps-related genes (DENETRGs) from the GSE134431 dataset. (A) The volcano map and heat 
map of differentially expressed genes (DEGs) between diabetic foot ulcers (DFUs) and healthy control (HC) samples. (B) The Venn diagram of DENETRGs obtained by 
intersecting DEGs and NETRGs. (C) The expression discrepancies of DENETRGs between DFU and HC groups. ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001; 
****P < 0.0001. (D) The chromosomal localization analysis of DENETRGs. (E) The pie chart illustrating the relevance between DENETRGs. (F) The GO terms and KEGG 
pathways enriched in DENETRGs. (G) The PPI network of DENETRGs.
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effective diagnostic mode. In addition, to verify the generality and reliability of the nomogram in dataset from different 
sources. We further constructed a nomogram based on the validation dataset (Figure S1). The calibration curve of the 
nomogram was also close to 1, and the AUC value in the ROC curve of the nomogram was as high as 1.000, although 
this indicated potential overfitting. However, it is sufficient to prove that the constructed model has high prediction 
accuracy and reliability (Figure S1).

The Function Analyses of Biomarkers
To further understand the pathologic mechanisms of these biomarkers in DFUs patients, we further performed GSEA 
analysis. The results of GSEA enrichment analysis of two biomarkers were shown in the Figure 5A and B and Table S4. 
The results revealed that the expressions of S100A12 were significantly positively correlated with the functions of 
galactose metabolism, IL−17 signaling pathway, etc., and significantly negatively correlated with the functions of linoleic 
acid metabolism, tyrosine metabolism, etc. Similarly, the expressions of HPSE were significantly positively correlated 
with the functions of linoleic acid metabolism, steroid biosynthesis, etc., and significantly negatively correlated with the 
functions of complement and coagulation cascades, glycosphingolipid biosynthesis, etc.

The Level of Type 17 T Helper Cell, Neutrophil, and Activated B Cell Could Be 
Significantly Changed by DFUs
To explore the changes in the immune microenvironment of DFUs patients and develop novel immunomodulatory 
strategies, we performed immune cell infiltration analysis. The type 17 T helper (Th17) cell and neutrophil were 
significantly increased, and the activated B cell was significantly decreased in the DFUs groups (Figure 6A and B). 
Besides, there were positive correlations between S100A12 and Th17 cell (p < 0.05), between S100A12 and neutrophil (p 
< 0.01), between HPSE and neutrophil (p < 0.01). There was negative correlation between S100A12 and activated B cell 
(p < 0.05), between HPSE and activated B cell (p < 0.001) (Figure 6C).

Figure 2 Screening of candidate biomarkers by machine learning algorithms. (A) Tuning parameter selection via 10-fold crossvalidation with minimum criteria in the LASSO 
model; LASSO coefficient profiles of genes. (B) The SVM-RFE cross-validation curve. (C) The line chart depicting the temporal evolution of variable importance scores 
during the execution of the Boruta algorithm, along with a box plot illustrating the distribution of variable importance. (D) The Venn graph of candidate gene.
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The ceRNA Regulatory Network and Potential Drugs of Biomarkers
In order to reveal the complex mechanism of biomarker interaction in the cell and further understand the regulatory 
mechanism of biomarkers in DFUs, we conducted a ceRNA regulatory network analysis. The ceRNA regulatory network 
was constructed with 6 miRNAs, 4 lncRNAs, and 2 biomarkers (Figure 7 and Table S5). In this network, there were 3 
miRNAs (hsa-miR-4282, hsa-miR-3163, and hsa-miR-373-5p) of HPSE and 3 miRNAs (hsa-miR-1224-5p, hsa-miR 
-574-5p, and hsa-miR-5589-5p) of S100A12. Moreover, AL137782.1 and NR2F1-AS1 could regulate hsa-miR-3163 at 
the same time, XIST and PPP1R14B-AS1 could regulate hsa-miR-574-5p at the same time. Furthermore, there were 5 
targeted drugs (eg Ubrogepant, Eptinezumab, Atogepant) of S100A12 and 17 targeted drugs (eg Amopyroquine, 
Hesperidin, Astemizole) of HPSE (Figure 8A). The secondary structure of these drugs was predicted, as shown in 
Figure 8B.

Discussion
At present, the research and treatment technology in the field of diabetes have made remarkable progress. At the level of 
genetic research, genes such as GIPR have been found to be associated with diabetes risk.57 An important breakthrough 
has been made in the application of nanotechnology in the treatment of DFUs.6 With regard to diabetes complications, 
some risk factors associated with diabetic retinopathy, including age, red blood cells, hemoglobin, have been identified, 
providing support for early clinical identification and intervention.2 However, DFUs represents a severe complication of 
diabetes mellitus that profoundly affects patients’ health and quality of life. DFUs is associated with an increased risk of 
infections and higher likelihood of lower limb amputations, leading to prolonged hospitalizations and elevated mortality 
rates.58 Considering the grave consequences of DFUs, there is an urgent requirement for enhanced diagnostic and 
therapeutic approaches to effectively manage this condition. Neutrophils and NETs play pivotal roles in the immune 

Figure 3 Identification and validation of biomarkers for DFU. (A and B) Comparison of the expression levels of candidate genes between the DFU and HC groups in the 
training (A) and validation (B) sets. not significant; ***P < 0.001; ****P < 0.0001. (C and D) Receiver operating characteristic (ROC) curves biomarkers in the training (C) 
and validation (D) sets. (E) The expression of biomarkers in clinical samples. *P < 0.05; ***P < 0.001.
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response and inflammatory processes, which are significantly implicated in the pathophysiology of DFUs.24–26 The 
formation process of NETs, known as NETosis.59 In diabetes patients, the levels of NETs-related products in the 
bloodstream are markedly increased, and these results validate the connection between NETosis and diabetic complica
tions such as the impaired healing of diabetic wounds, diabetic retinopathy, and atherosclerosis.60,61 Elevated levels of 
NETs markers were observed in the retinal tissue of diabetic mice, as well as in the fibrovascular epiretinal membranes, 
vitreous fluid, and blood serum of individuals with proliferative diabetic retinopathy.62 Studies have shown that NETs 
play a key role in atherosclerosis and that NETs promote plaques in atherosclerosis.63 This study aims to identify genes 
associated with NETs in the context of DFUs by integrating transcriptomic data and employing advanced bioinformatics 
approaches. The objective is to uncover novel biomarkers and therapeutic targets that can enhance the clinical manage
ment of DFUs and reduce its associated morbidity and mortality rates.

Functional enrichment analysis revealed the identification of 14 DENETRGs (CREB5, CXCR1, CXCR2, CYP4F3, 
DYSF, ELANE, F3, HPSE, IL1B, KCNN3, MAPK1, MAPK3, RIPK3, and S100A12) associated with DFUs, involving 
several key signaling pathways including the TNF and AGE-RAGE pathways. The TNF signaling pathway plays 
a significant role in the pathogenesis of DFUs due to its involvement in the inflammatory response. For instance, 
TNF-α, as a major pro-inflammatory cytokine, is elevated in DFUs tissues and contributes to chronic inflammation and 
impaired wound healing.64 The AGE-RAGE signaling pathway is another key pathway that exacerbates DFUs by 
promoting oxidative stress and inflammation, further impeding the healing process.65,66 Particularly, S100A12 and 
HPSE emerge as potential biomarkers for DFUs, with significantly elevated expression levels in DFUs samples 

Figure 4 Construction of the nomogram. (A) The nomogram constructed based on two biomarkers (S100A12 and HPSE). (B) The calibration curve, decision curve analysis 
(DCA) curve, and ROC curve of nomogram.

https://doi.org/10.2147/JIR.S531204                                                                                                                                                                                                                                                                                                                                                                                                                                                           Journal of Inflammation Research 2025:18 11362

Liu et al                                                                                                                                                                              

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



compared to HC. This elevation is corroborated by high AUC values in both the training and validation sets, indicating 
their diagnostic potential.

HPSE is an endo-β-D-glucuronidase that degrades the glycosaminoglycan heparan sulfate (HS).67 Active HPSE has 
been reported to affect the transcription of genes related to T cell migration and associated immune responses.68 HPSE 
has also been found to influence the transcription of genes encoding enzymes involved in glucose metabolism.69 HPSE is 
extensively involved in immune responses and inflammation development by regulating HS, specifically including the 
regulation of leukocyte activation, migration, and the release of cytokines/chemokines.70–72 Studies also indicate that 
HPSE plays a significant role in the development of diabetes-related diseases such as diabetic nephropathy, diabetic 
retinopathy, and diabetic atherosclerosis.73–78 These studies indicate that HPSE is extensively involved in the occurrence 
and development of inflammation, immunity, and various complications of diabetes. Furthermore, it is plausible to 
propose that HPSE may also play a significant role in impaired diabetic wound healing and potentially regulate the 
inflammatory response during the wound healing process. In the current study, HPSE exhibited significant differential 
expression in both the training and validation groups, which was corroborated by subsequent qRT-PCR analysis. 
Therefore, we infer that the high expression of HPSE in DFUs patients may be a factor contributing to delayed 
wound healing. To date, there are no studies on the specific functions of HPSE in diabetic wound healing, necessitating 
further research to elucidate the precise mechanisms by which it exerts its effects.

S100A12, is a member of the S100/calgranulin family and one of the ligands for RAGE, the receptor for advanced 
glycation end products.79 The pro-inflammatory and chemotactic protein S100A12 has been implicated in various chronic 
inflammatory conditions,80 autoimmune diseases,79 as well as cardiovascular diseases.81 The relationship between 
S100A12 and diabetes is also very close. Studies have shown that the blood concentration of S100A12 is associated 
with diabetes biomarkers such as HbA1c and fasting blood glucose concentration.82 Kislinger et al83 also reported that 
the expression of S100A12 in the aorta and kidneys of diabetic patients is increased compared to non-diabetic individuals, 
suggesting that S100A12 may contribute to diabetic microangiopathy and accelerated atherosclerosis; Burke et al 
observed higher S100A12 expression in diabetic patients with coronary artery disease compared to those without 
diabetes.84 These studies confirm the close relationship between S100A12 and diabetes and inflammation, which 
indirectly suggests its potential role in the healing process of diabetic chronic wounds. In this study, the high expression 
of S100A12 in diabetic wound groups from two independent GEO datasets also confirmed its potential as a biomarker. 
The mechanism by which blood glucose-related factors lead to increased S100A12 protein levels is not yet clear. In 

Figure 5 GSEA enrichment analysis of biomarkers. (A) S100A12; (B) HPSE.
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diabetic wounds, hyperglycemia may stimulate the production of S100A12 protein in granulocytes, monocytes, or other 
cells. Studies have shown that PAI-1, TNF, and IL-6 are elevated in diabetic patients.85–87 Among these molecules, TNF 
and IL-6 have been confirmed to upregulate S100A12 expression in monocytes and macrophages,88,89 and the specific 
mechanisms need to be further studied.

GSEA further revealed that S100A12 is positively correlated with galactose metabolism and the IL-17 signaling 
pathway, and negatively correlated with linoleic acid metabolism and tyrosine metabolism, which is consistent with the 
pro-inflammatory nature of S100A12. HPSE, on the other hand, shows a positive correlation with linoleic acid 
metabolism and steroid biosynthesis, and a negative correlation with the complement and coagulation cascades, as 
well as glycosphingolipid biosynthesis. Interleukin-17 (IL-17) is a pro-inflammatory cytokine that is secreted primarily 
by T cells and plays a key role in the inflammatory phase of wound healing. The stimulation of MAPK pathways by IL- 
17 can result in augmented cellular responses essential for wound healing, including cell migration and proliferation. 
Although IL-17 helps to clear pathogens in the early stages of inflammation, excessive IL-17 signalling may lead to 

Figure 6 Immune infiltration analysis. (A) The stacked bar graph depicting the immune cell scores of 28 samples from DFU and HC groups. (B) Comparison of estimated 
proportion of immune cells between DFU and HC groups. not significant; *P < 0.05; **P < 0.01. (C) Correlation heat map of differential immune cells and biomarkers.
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chronic inflammation, which can impair wound healing.90,91 Linoleic acid is a polyunsaturated fatty acid involved in 
inflammation and cell membrane synthesis. Linoleic acid influences different stages of wound healing by modulating 
immune response and cell migration.92–94 These findings suggest that S100A12 and HPSE may play complex roles in the 
metabolic and signaling pathways related to inflammation, immunity, and tissue repair. Further experimental research is 
needed to elucidate the precise molecular mechanisms underlying these associations.

The immune microenvironment plays a crucial role in the pathogenesis of DFUs,95 with significant alterations 
observed in the levels of Th17 cells, neutrophils, and activated B cells. Th17 cells, a subset of CD4+ T helper cells, 
are well-recognized for their role in autoimmune diseases and inflammation through the secretion of IL-17. Studies have 
revealed a significant correlation between diabetes and increased expression of inflammatory Th17 cells,96,97 and it has 
been demonstrated that decreasing Th17 can reduce the pathogenicity of diabetes,98 alleviate inflammation, and improve 
tissue repair in diabetes.99 In our DFUs study, we found a significant increase in Th17 cells, which was associated with 
elevated levels of pro-inflammatory cytokines and exacerbated tissue damage. This finding is consistent with previous 
research, indicating that IL-17 can promote chronic inflammation and impede wound healing by enhancing the recruit
ment and activation of neutrophils. Neutrophils, the first responders in the innate immune system, are essential for the 
initial defense against infections. However, their excessive presence and activity can lead to prolonged inflammation and 
tissue damage. Our data demonstrated a significant increase in neutrophils in DFUs samples, which is consistent with 
their known role in chronic non-healing wounds.26,100 NETs have been implicated in this process, as they can trap and 
kill pathogens but also damage host tissues and delay healing.26 The identified NETRGs, such as S100A12 and HPSE, 
further support the critical role of neutrophils in DFUs pathology. Activated B cells, which are crucial for adaptive 
immunity and antibody production, were found to be significantly decreased in DFUs samples. In diabetic individuals, an 
imbalance in B cell subsets was detected. As Hammad et al stated, the amounts of specific B cells were found to be lower 
in diabetic foot patients with infection compared to those who had only diabetes.101 Studies have shown that B cells play 
a key role in the early stages of the wound healing process.102 This reduction may contribute to impaired immune 
responses and increased susceptibility to infections in DFUs patients. The negative correlation between activated B cells 
and the expression of S100A12 and HPSE suggests a complex interplay between different immune cell types and their 
regulatory mechanisms in DFUs. The alterations in these immune cells highlight the importance of the immune 
microenvironment in DFUs progression and healing. Understanding these changes provides valuable insights into 
potential therapeutic targets. For instance, modulating Th17 cell activity or neutrophil function could help reduce chronic 
inflammation and promote wound healing. Additionally, enhancing B cell activation might improve immune responses 
and infection control in DFUs patients. B cells promote wound healing by secreting anti-inflammatory cytokines and 

Figure 7 The ceRNA regulatory network of biomarkers. The yellow square represents mRNA, the red circle represents miRNA, the blue triangle represents lncRNA, and 
the lines represent the interaction between the two molecules.
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producing specific antibodies that help regulate the immune response and balance inflammation levels. These findings 
underscore the need for targeted immunotherapies to improve outcomes for individuals suffering from DFUs.

In the context of diabetic wound healing, NETs may exert a dual function. On one hand, NETs can trap and kill 
pathogens to aid in the control of infection; on the other hand, excessive formation of NETs and insufficient clearance 
may lead to the persistence and exacerbation of inflammatory responses, thereby impeding wound healing.103,104 

Consequently, investigating the role of NETs in diabetic wounds is instrumental in gaining a deeper understanding of 
the complex mechanisms underlying diabetic wound healing, which in turn can inform the development of novel 
therapeutic strategies. Monitoring the levels of NETs biomarkers (such as S100A12 and HPSE) can allow for the 
adjustment of clinical treatment regimens to optimize efficacy and reduce complications. This study predicted 22 
drugs of S100A12 and HPSE, among which the lnteraction scores of Ubrogepant and Atogepant were relatively high. 
Ubrogepant is a new type of oral drug and an antagonist of the calcitonin gene-related peptide (CGRP) receptor.105 It 
reduces the release of inflammatory factors by blocking the CGRP receptor.105 Atogepant is a highly effective oral small 

Figure 8 Prediction of targeted drugs for DFU. (A) The drug-biomarker network. The yellow graph represents biomarkers and the blue represents targeted drugs. (B) The 
secondary structure of drugs.
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molecule CGRP receptor antagonist that can prevent CGRP-mediated injury sensation and neurogenic inflammation.106 

CGRP has a pro-inflammatory effect in the accumulation of neutrophils, which are among the first cells to reach the site 
of inflammation.107 Therefore Ubrogepant and Atogepant may help to reduce the inflammatory response during wound 
healing in patients with DFUs, thus promoting wound healing.

The findings of HPSE and S100A12 in this study are consistent with existing research contexts. In this study, we 
highlight that biomarkers (HPSE and S100A12) may play an important role in inflammation, immune response, and 
wound healing, which are central to the pathophysiology of DFUs. Previous studies have found that biomarkers such as 
IL-6, IL-18 and CRP play a key role in the chronic inflammatory process of DFUs.108–110 We found that HPSE and 
S100A12 also fit into this background, because in this study we found a significant positive correlation between these 
biomarkers and neutrophils, which have been shown to play a key role in inflammatory processes and immune responses. 
This is closely related to the pathophysiology of DFUs.24–26 Compared with traditional inflammatory markers (CRP, IL- 
6), HPSE and S100A12 may have higher diagnostic efficacy and specificity. The AUC value of CRP in diagnosing grade 
2 DFUs was 0.893,111 while in this study, the AUC values of HPSE and S100A12 in diagnosing DFUs were as high as 
0.933 and 0.923, respectively. Furthermore, CRP and IL-6 are mainly involved in systemic inflammatory responses. 
Although they also play important roles in DFUs, their mechanisms of action are rather extensive. The increase of CRP 
or IL-6 usually indicates the presence of systemic inflammation, but it cannot directly reflect the local pathological 
mechanism of DFUs.110,112 This study found that HPSE and S100A12 are related to pathways such as IL-17 signaling 
pathway and linoleic acid metabolism, and these pathways are closely related to inflammation development and wound 
healing,90–93 which provides a new direction for exploring the pathological mechanism of DFUs.

Our study contributes to further understanding of the inflammatory microenvironment of DFUs. Although studies 
have revealed a variety of inflammatory markers associated with DFUs, we found that the potential role of HPSE and 
S100A12 in DFUs has not been widely explored. In particular, the high expression of HPSE and S100A12 in DFUs in 
relation to chronic inflammatory states may provide new directions for early screening and personalized treatment. 
Therefore, adding these two markers provides new directions for better management of DFUs.

Limitations
Despite the promising findings, this study has several limitations that warrant consideration. In this study, although 
biomarkers S100A12 and HPSE were selected to construct a diagnostic model for DFUs, the combination of biomarkers 
in the model may not be the most optimal. And the condition of DFUs may be affected by multiple factors, such as 
comorbidities, treatment history, however, these factors have not been incorporated into the diagnostic model. We hope to 
try to introduce more relevant indicators and include more clinical information in subsequent studies, to make the model 
closer to clinical practice and improve its practicability in real medical environments. Three machine learning methods 
were employed for biomarker screening, while each approach has its own advantages, it is undeniable that they also have 
their own limitations. As a linear model, LASSO has a limited ability to capture complex nonlinearities or non-additive 
relationships.42 SVM-RF algorithm is greatly influenced by parameters.113 Boruta algorithm is sensitive to the selection 
of significance level, and different thresholds may lead to different feature selection results.114 Then, the sample size used 
in this study is relatively small, which may limit the generalizability of the results. Additionally, the use of multiple 
datasets could introduce batch effects, despite efforts to remove them, potentially affecting the robustness of the findings. 
Different datasets may have differences in sample characteristics, measurement methods, data quality, etc., which may 
lead to inherent heterogeneity in the merging datasets. Due to the inherent differences in the characteristics of data from 
different sources, there may still be residual variability that cannot be completely eliminated. This study only explored 
the expression levels of biomarkers in DFUs through preliminary experiments, and did not investigate the potential 
impact of treatment on the expression of NETRGs. The study lacks clinical validation, which is essential for confirming 
the diagnostic utility of the identified biomarkers in a real-world setting. Although targeted drugs for S100A12 and HPSE 
have been predicted, they still need to be validated through a large number of clinical trials. In order to address these 
constraints, our future research will involve a more extensive experimental validation. We will collect tissue samples of 
DFUs patients before and after treatment, dynamically monitor the expression changes of NETRGs, and analyze the 
correlation between expression changes of NETRGs and treatment effects (such as ulcer healing time, healing quality, 

Journal of Inflammation Research 2025:18                                                                                          https://doi.org/10.2147/JIR.S531204                                                                                                                                                                                                                                                                                                                                                                                                 11367

Liu et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



recurrence rate). In addition, in future research, we will focus on verifying the biological functions of HPSE and S100A12 
in the wound healing of DFUs. A diabetic mouse model is planned to be constructed and induce skin wounds or ulcers, 
then explore the impact of the expression levels of biomarkers on the development of DFUs. The wound healing of 
mouse was observed by knocking out or overexpressing the biomarkers in the mouse model of DFUs.

Conclusion
In summary, this study successfully identified 69 NETRGs associated with DFUs and utilized advanced bioinformatics 
and machine learning techniques to screen out 2 biomarkers: S100A12 and HPSE. Based on biomarkers, a nomogram 
model was constructed, and the AUC value of the ROC curve was 0.962. The qRT-PCR experiment indicated that 
compared with the HC groups, S100A12 and HPSE were significantly highly expressed in the DFUs groups. We will 
continue to monitor the roles of these genes, as these findings lay the groundwork for future research and potential 
clinical applications, although further validation and larger-scale studies are required to fully realize their diagnostic and 
therapeutic potential.
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