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Background

The mechanism of Nicotinamide Adenine Dinucleotide (NAD+) metabolism-related genes (NMRGs) in diabetic peripheral neuropathy (DPN) is unclear. This study aimed to find new NMRGs biomarkers in DPN.





Methods

DPN related datasets GSE95849 and GSE185011 were acquired from the Gene Expression Omnibus (GEO) database. 51 NMRGs were collected from a previous article. To explore NMRGs expression in DPN and control samples, differential expression analysis was completed in GSE95849 to obtain differentially expressed genes (DEGs), and the intersection of DEGs and NMRGs was regarded as DE-NMRGs. Next, a protein-protein interaction (PPI) network based on DE-NMRGs was constructed and biomarkers were screened by eight algorithms. Additionally, Gene Set Enrichment Analysis (GSEA) enrichment analysis was completed, biomarker-based column line graphs were constructed, lncRNA-miRNA-mRNA and competing endogenouse (ce) RNA networks were constructed, and drug prediction was completed. Finally, biomarkers expression validation was completed in GSE95849 and GSE185011.





Results

5217 DEGs were obtained from GSE95849 and 21 overlapping genes of DEGs and NMRGs were DE-NMRGs. Functional enrichment analysis revealed that DE-NMRGs were associated with glycosyl compound metabolic process. The PPI network contained 93 protein-interaction pairs and 21 nodes, with strong interactions between NMNAT1 and NAMPT, NADK and NMNAT3, ENPP3 and NUDT12 as biomarkers based on 8 algorithms. Expression validation suggested that ENPP3 and NUDT12 were upregulated in DPN samples (P < 0.05). Moreover, an alignment diagram with good diagnostic efficacy based on ENPP3 and NUDT12 were identified was constructed. GSEA suggested that ENPP3 was enriched in Toll like receptor (TLR) pathway, NUDT12 was enriched in maturity onset diabetes of the young and insulin pathway. Furthermore, 18 potential miRNAs and 36 Transcription factors (TFs) were predicted and the miRNA-mRNA-TF networks were constructed, suggesting that ENPP3 might regulate hsa-miR-34a-5p by affecting MYNN. The ceRNA network suggested that XLOC_013024 might regulate hsa-let-7b-5p by affecting NUDT12. 15 drugs were predicted, with 8 drugs affecting NUDT12 such as resveratrol, and 13 drugs affecting ENPP3 such as troglitazone.





Conclusion

ENPP3 and NUDT12 might play key roles in DPN, which provides reference for further research on DPN.
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1 Introduction

Diabetic peripheral neuropathy (DPN) is a common complication that occurs in individuals with diabetes and is closely associated with detrimental effects, particularly in the context of diabetic foot. The diminished sensation caused by DPN can prevent timely detection of external stimuli and pressure, resulting in a heightened vulnerability to injuries and wounds (1). DPN can lead to severe consequences, including an increased risk of foot ulcers, infections and even lower extremity amputations (1). Additionally, DPN-induced excruciating pain significantly impacts the patients’ quality of life, causing persistent discomfort during sleep, walking and daily activities (2, 3). Furthermore, the understanding of the underlying mechanisms of DPN remains incomplete (4), and the available treatment options are limited, primarily focused on symptom management (5). Therefore, it is crucial to delve deeper into the mechanisms of diabetic peripheral neuropathy and develop novel approaches for early detection and intervention, given the current challenges in effectively treating DPN.

Nicotinamide Adenine Dinucleotide (NAD+) plays a critical role in cellular energy metabolism and redox reactions (6). It serves as an essential coenzyme for numerous enzymatic reactions involved in glycolysis, the tricarboxylic acid cycle, and oxidative phosphorylation (7). By accepting and donating electrons, NAD+ participates in vital cellular processes such as ATP production, DNA repair and gene expression regulation (8). NAD+ is also an essential cofactor for non-redox NAD+-dependent enzymes, including sirtuins and poly(ADP-ribose) polymerases (PARPs) (9), which are involved in cellular homeostasis and stress responses (10). Recent studies have indicated that NAD+ exerted an influence on the SIRT1-PGC-1α-TFAM pathway, contributing to the occurrence of DPN (11, 12). Nicotinamide riboside (NR) is a precursor of the NAD salvage pathway that enhances respiratory function, reduces mitochondrial ROS (mtROS) production, and reduces IL-1B production in peripheral blood mononuclear cells (PBMCs) (13). In addition, studies have shown that the increase of NAD levels in heart failure is associated with the improvement of maximum mitochondrial respiration of PBMC and the decrease of the expression of pro-inflammatory markers of PBMC, that is, the increase of NAD levels has potential beneficial effects on mitochondrial function and inflammatory activation (14). These observations raise the possibility that DPN patients may benefit by regulating genes associated with NAD+ metabolism. Future discoveries on disease pathogenesis will be crucial to successfully address all aspects of DPN, from prevention to treatment (5). The combined study of DPN and NAD+ metabolism-related genes (NMRGs) is an area that has received limited attention in current research (15). However, investigating the intricate relationship between DPN and NMRGs holds significant scientific value. By integrating the analysis of DPN pathogenesis and the influence of NMRGs on NAD+ metabolism, we can gain deeper insights into the underlying molecular mechanisms. This integrated approach has the potential to uncover novel biomarkers, therapeutic targets, and personalized treatment strategies for DPN. Therefore, further exploration in this field is crucial to enhance our understanding of DPN and bridge the gap between basic research and clinical applications, ultimately improving patient outcomes.

In the genomic era, gene chips have been widely used to explore disease mechanisms, providing new insights into the pathogenesis at the genetic level (16). Therefore, this study aims to identify and validate NAD+ metabolism-related biomarkers in patients with DPN using bioinformatics analysis and provide a reference for further DPN research.




2 Materials and methods



2.1 Data source

Enter keywords Diabetic Peripheral Neuropathy into the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/gds) to determine the species as Homo sapiens. In order to ensure the reliability of the data, more than 5 disease and control samples were controlled to obtain our dataset, and two DPN datasets (GSE95849 and GSE185011) were acquired. The GSE95849 includes gene expression data for 6 peripheral blood mononuclear cell (PBMC) samples of DPN patients and 6 PBMC samples for normal control. The GSE185011 includes gene expression data for 5 PBMC samples of DPN patients and 5 PBMC samples for normal control. A total of 51 NMRGs were collected from previous article  (17).




2.2 Differential expression analysis

Differential expression analysis was performed between DPN samples and control samples using the limma R package (18) in the GSE95849 to screen differentially expressed genes (DEGs) by setting |log fold change (FC)| > 1 and adjust P-values (P.adj) < 0.05. To better visualize the differences in gene expression among the two groups, the R packages ggpubr and ggplot2 were used to plot volcano and heat maps of DEGs, respectively. The intersecting genes of DEGs and NMRGs were obtained with R package ggvenn and defined as DE-NMRGs. In addition, Gene ontology (GO) and Kyoto encyclopedia of genes and genomes (KEGG) enrichment analysis of DE-NMRGs were completed using the clusterProfiler package (19) to explore the functions of DE-NMRGs.




2.3 Acquisition of biomarkers

To explore whether protein interactions existed between the DE-NMRGs, a protein-protein interactions (PPI) network was created by STRING (https://string-db.org) database. Topological properties of PPI network nodes were analyzed using eight algorithms (Degree, Density of Maximum Neighborhood Component (DMNC), Edge Percolated Component (EPC), Maximal Clique Centrality (MCC), Maximum Neighborhood Component (MNC), Closeness, Radiality, Clustering Coefficient (CC)) in Cytohubba plugin, and the TOP 10 genes from each algorithm were selected for taking intersection using UpsetR (20) R package according to the ranking, the intersection genes were defined as biomarkers. Expression validation of biomarkers was completed in GSE95849 and gse185011. In order to understand whether there was a correlation among biomarkers, correlations among the biomarkers were calculated. In addition, the analysis of regulatory relationships among biomarkers and their interacting genes as well as the enrichment analysis was conducted with the GeneMANIA database (http://genemania.org).




2.4 Construction of alignment diagram and gene set enrichment analysis

Alignment diagram of biomarkers were constructed using the rms package (21) in R. The predictive power of the alignment diagram was assessed using calibration curves and decision curves. Moreover, to explore the potential mechanism of biomarkers, Gene Set Enrichment Analysis (GSEA) was conducted with ClusterProfiler package (19) in GSE95849, the KEGG pathway gene set and GO biological process gene set were used as the enrichment background. The significant enrichment threshold was set as |Normalized Enrichment Score (NES)|>1& nominal P-value (NOM P-val) <0.05. Biomarkers-related diseases were predicted using the Comparative Toxicogenomics Database (CTD, http://ctdbase.org/) based on Inference Score > 60 and the biomarker-diseases network was visualized using Cytoscape software.




2.5 Construction of a miRNA-mRNA-TF regulatory network and ceRNA network and drug prediction

To understand the regulatory relationships associated with biomarkers, potential target miRNAs of biomarkers were predicted by the miRNet database (https://www.mirnet.ca/) and NetworkAnalyst database (https://www.networkanalyst.ca/). The prediction results of the above two databases were intersected to obtain the intersection miRNA. In addition. Moreover, the potential transcription factors (TF) of biomarkers were predicted by the NetworkAnalyst database. The miRNA-mRNA-TF interaction network was constructed using Cytoscape. Moreover, the possibly regulated lncRNAs of intersection miRNAs were retrieved in the lncBaseV2 database (http://carolina.imis.athena-innovation.gr/diana_tools/web/index.php), and lncRNA-miRNA-mRNA network was constructed using Cytoscape. Drugs that may have potential effects on biomarkers were predicted by using the CTD (http://ctdbase.org/), and to visualize the relationship among genes and drugs, gene-drugs networks were constructed by Cytoscape.




2.6 Statistical analysis

Limma was used to identify DEGs. The Benjamini & Hochberg (BH) test was used for multiple test correction screening of DEGs. Venn and UpsetR was used for multiple gene sets to take intersections. The associations among the genes determined using the spearman correlation analysis. Statistical analysis was carried out through R software (version 4.1.1, https://www.r-project.org/). Differences between groups were analyzed via the Wilcox test. P < 0.05 represented a significant difference.





3 Results



3.1 DE-NMRGs were associated with glycosyl compound metabolic process

A total of 5217 DEGs were obtained from the GSE95849, and 3691 DEGs were upregulated and 1526 DEGs were downregulated in DPN (Figures 1A, B). A total of 21 overlapping genes of DEGs and NMRGs were defined as DE-NMRGs (Figure 1C). Moreover, functional enrichment analysis revealed that DE-NMRGs were associated with the nicotinate and nicotinamide metabolism, NAD biosynthesis via nicotinamide riboside salvage pathway and other functional pathways related to NAD metabolism, enriched in pyridine-containing compound metabolic process and pyridine nucleotide metabolic process in GO terms, and enriched in NAD biosynthetic process and glycosyl compound metabolic processin KEGG terms (Figure 1D).




Figure 1 | Identification and enrichment analysis of DE-NMRGs. (A) Volcano plot of differentially expressed genes. The upper-left nodes represent downregulated DEGs, the upper-right nodes represent upregulated DEGs. (B) Heat map and clustering analysis DEGs and NMRGs. The marked genes are the hub genes obtained by subsequent analysis. (C) Venn diagram of shared gene between DEGs. DEGs: Differentially expressed genes screened from GSE95849. NMRGs: NAD+ metabolism related genes downloaded from previous article (17) (D) Chord diagram of the top 10 enriched terms of DE-NMRGs. The upper left plot is BP enrichment; the upper right plot is CC enrichment; the lower left plot is MF enrichment; the lower right plot is KEGG pathway enrichment analysis chord diagram. BP, Biological Process; CC, Cellular Component; MF, Molecular Function.






3.2 Two biomarkers were obtained by using machine learning algorithms

To explore whether protein interactions existed among these 21 DE-NMRGs, a PPI network was created (Figure 2A) by setting a confidence level as 0.4 (Confidence = 0.4). There were 93 protein-interaction relationship pairs and 21 nodes, with strong interactions between NMNAT1 and NAMPT, NADK and NMNAT3. Topological properties of PPI network nodes were analyzed (Figure 2B), ENPP3 and NUDT12 were identified as biomarkers based on 8 algorithms. Expression validation of biomarkers was completed in GSE95849 and GSE185011. The results of expression validation suggested that NUDT12 showed significant differences in both training and validation sets. Alteration of ENPP3 expression was not significant in the validation set, however the trend of biomarker ENPP3 remained consistent in both data sets, and both biomarkers showed upregulation in the disease samples (Figure 2C). The PPI regulatory network of biomarkers constructed by GeneMANIA database was shown in the Figure 2D, suggesting that biomarkers were enriched to pathways such as organophosphate catabolic process, nucleoside phosphate catabolic process.




Figure 2 | PPI network analysis and validation of potential biomarkers. (A) PPI network diagram of DE-NMRGs. Red indicates genes that are up-regulated, whereas blue indicates genes that are down-regulated. (B) Venn diagram showing the overlap of potential biomarkers were identified by 8 different algorithms. (C) Validation of ENPP3 and NUDT12 expression in GSE95849 and GSE185011. (D) PPI regulatory network of ENPP3 and NUDT12.






3.3 Alignment diagram with good diagnostic efficacy based on biomarkers were constructed

Moreover, based on the biomarkers, an alignment diagram was constructed, and the score of each sample was calculated by the alignment diagram, the higher the total score of the patient, the higher the likelihood that the patient will develop DPN disease (Figure 3A). The calibration curve suggested that the alignment diagram possesses good diagnostic efficacy (Figure 3B). Correlation analysis among biomarkers suggested a significant positive correlation (Figure 3C).




Figure 3 | Diagnostic model construction and correlation analysis based on biomarkers. (A) Nomogram based on the expression of biomarkers ENPP3 and NUDT12. (B) Calibration curve of the nomogram model in (A) The x-axis shows the nomogram-predicted probability of DPN. The y-axis shows the actual probability of DPN occurrence (C) Bubble chart showing correlation analysis between the expression levels of biomarkers ENPP3 and NUDT12.



The results of GSEA suggested that the ENPP3 was enriched in Toll like receptor signaling pathway and natural killer cell mediated cytotoxicity, NUDT12 was enriched in maturity onset diabetes of the young and insulin signaling pathway (Figure 4A). A total of 59 biomarker-associated diseases were obtained through the CTD database, and a total of 55 biomarker-disease association pairs were obtained, such as ENPP3 and Glucose Intolerance, and NUDT12 and Neurotoxicity Syndromes (Figure 4B).




Figure 4 | GSEA enrichment and disease association analysis of biomarkers. (A) GSEA enrichment results for biomarkers ENPP3 (upper) and NUDT12 (lower). The left figures show top 10 enriched GO biological processes (BP); the right figures show top 10 enriched KEGG pathways. (B) Biomarker-disease association network. Red nodes represent biomarkers and purple nodes represent associated disease.






3.4 Biomarkers were associated with oxidative phosphorylation

A total of 18 potential miRNAs and 36 TF were predicted and the miRNA-mRNA-TF interaction networks were constructed, the network suggested that ENPP3 was regulated by hsa-miR-34a-5p and MYNN (Figure 5A). A total of 25 lncRNA-miRNA-mRNA relationship pairs were obtained, and ceRNA networks were constructed which contains 9 lncRNA and 15 miRNA, the network suggested that XLOC_013024 might regulate NUDT12 by affecting hsa-let-7b-5p (Figure 5B). A total of 15 drugs were predicted, among them, 8 drugs had potential effects on NUDT12 such as resveratrol, and 13 drugs had potential effects on ENPP3 such as troglitazone (Figure 5C).




Figure 5 | Regulatory network and drug prediction analysis of biomarkers. (A) miRNA-mRNA-TF regulatory network of biomarkers. Red nodes represent biomarkers; yellow diamonds TFs; blue triangles represent miRNAs. (B) ceRNA network of biomarkers. Red nodes represent biomarkers; yellow diamonds represent lncRNAs; blue triangles represent miRNAs. (C) Drug-target network of biomarkers. Red nodes represent biomarkers; green nodes represent drugs.







4 Discussion

After our comprehensive analysis, 5217 DEGs were obtained, including 21 DE-NMRGs, shedding light on their role in DPN. A key finding is the identification of NUDT12 and ENPP3 as central biomarkers in these DEGs, offering novel insights into DPN’s pathogenesis. Our bioinformatics analysis indicates these genes are upregulated in DPN, suggesting their potential impact on disease progression. NUDT12, involved in NAD+ metabolism and associated insulin signaling and diabetic pathways, along with ENPP3, linked to purinergic signaling and inflammatory responses, both contribute critically to metabolic and inflammatory aspects of DPN.

Neuronal mitochondrial(Mt) dysfunction is an important mechanism leading to axonal degeneration in DPN (22). As a result of Mt damage, oxidative stress occurs in diabetic dorsal root ganglion (DRG) neurons, axons, and Schwann cells, and has been proposed as a unifying mechanism for diabetic neuropathy (12, 23). One of the key pathways that is impaired in DPN is the energy sensing pathway comprising the NAD+-Dependent SIRT1–PGC-1α–TFAM pathway (12). The mitochondrial energy metabolism is greatly dependent on NAD+ as a cofactor that is essential for both the activity of respiratory and TCA cycle enzymes (24). NAD+ and its precursors play critical roles in DPN progression by modulating SIRT1 activity. Administration of NAD+ precursors nicotinamide riboside (NR) and nicotinamide mononucleotide (NMN) could prevent and reverse DPN in animal models, indicating that correct NAD+ depletion in the DRG may be sufficient to prevent DPN (23, 24). However, we suggest that the mere supplementation of NAD+ precursors may not suffice for disease modification. An in-depth understanding of the roles of NMRGs could provide key insights into the complex molecular mechanisms of DPN. Herein, we identified 21 DE-NMRGs. The enrichment analysis revealed that DE-NMRGs were primarily engaged in nicotinate and nicotinamide metabolism, NAD biosynthesis via nicotinamide riboside salvage pathway and other functional pathways related to NAD metabolism. The topological properties of these genes were analyzed by algorithm to obtain two biomarkers NUDT12 and ENPP3.

NUDT12 is a Protein Coding gene (25). Among its related pathways are Metabolism of water-soluble vitamins and cofactors and Nicotinate metabolism (25). The human NUDT12 Nudix hydrolase has been expressed in insect cells from a baculovirus vector as a His-tagged recombinant protein (26, 27). In vitro, it efficiently hydrolyses NAD(P)H to NMNH (the reduced-form of NMN) and AMP (2’,5’-ADP), and diadenosine diphosphate to AMP. It also has activity towards NAD(+), ADP-ribose and diadenosine triphosphate (26). For NUDT12, some previous studies have linked its overexpression with oxidative stress and redox imbalance in neural tissues, while others argued the association was circumstantial (25, 26, 28). Our results not only validated the upregulated expression of NUDT12, but also revealed its involvement in insulin signaling and diabetes-related pathways through enrichment analysis. The results showed NUDT12 is enriched in maturity onset diabetes of the young (MODY), a common form of monogenic type 2 diabetes in youth (29). Advances in molecular diagnostics have identified 14 different subtypes of MODY. Specially, insulin secretion defect is the molecular pathogenesis of MODY10, MODY11, MODY12, MODY13, MODY14.The insulin ligation enhances neurite outgrowth by activating the PI3K–Akt signaling pathway and attenuates phenotypic features of DPN (30). In addition, Insulin signaling plays an important role in restoring the myelin proteins in DPN (31). Given the involvement of NUDT12 in NAD+ metabolism, supporting that it may impact DPN by influencing insulin sensitivity and glucose homeostasis. These novel findings suggest NUDT12 may contribute to DPN pathogenesis by disrupting insulin signaling and glucose homeostasis, although the specific mechanisms need further validation.

On the other hand, ENPP3 has gained wide attention recently as a purinergic signaling-related gene. Among its related pathways are metabolism of water-soluble vitamins and cofactors and NAD metabolism (32). ENPP3 is involved in various physiological and pathological processes, such as nucleotide and phospholipid signaling, bone mineralization, fibrotic diseases and tumor-associated immune cell infiltration. ENPP3 also limits the inflammatory and allergic responses of mast cells and basophils, by eliminating extracellular ATP as a signaling molecule, inhibiting the activation and pro-inflammatory cytokine release of mast cells and basophils (33). According to the results, ENPP3 is enriched in the Toll like receptor (TLR) signaling pathway. TLRs can recognize pathogen-associated molecular patterns and activate downstream nuclear factor κB (NF-κB) to induce inflammatory cytokine release and inflammatory responses (34). ENPP3 may influence TLR activation by regulating extracellular ATP levels, and inflammation is also an important pathogenic mechanism of DPN. As a member of ectonucleotide pyrophosphatase family, studies have shown ENPP3 could modulate neuronal metabolism and purinergic signaling by regulating ATP levels (35, 36). ATP acts as a neurotransmitter and modulator of neurotransmitter release, but also as a trophic factor that stimulates proliferation and differentiation of neural cells (37). Purinergic signaling also plays important roles in neuronal function and diabetes. Extracellular ATP can activate P2X and P2Y receptors, causing downstream calcium influx and signal transduction (38). This disturbance of neuronal homeostasis can render neurons more vulnerable to damage in diabetes. Further investigation into the precise molecular mechanisms connecting ENPP3, purinergic signaling, calcium signaling and DPN development is still needed.

This study found that the competitive endogenous RNA network showed that XLOC_013024 may regulate NUDT12 by inhibiting hsa-let-7b-5p. NUDT12 is a Nudix hydrolase involved in NAD+ metabolism. As mentioned before, NUDT12 is associated with MODY, supporting its potential role in influencing diabetic peripheral neuropathy through affecting insulin and glucose homeostasis. lncRNAs and miRNAs can reciprocally regulate each other and form competitive endogenous RNA networks to control gene expression. Therefore, this finding suggests that XLOC_013024 and hsa-let-7b-5p may participate in the occurrence of diabetic peripheral neuropathy through NUDT12. XLOC_013024 may act as a competitive RNA to inhibit hsa-let-7b-5p, while NUDT12 is a downstream target of hsa-let-7b-5p. Abnormal XLOC_013024 may lead to altered activity of hsa-let-7b-5p, which then affects diabetic peripheral neuropathy through NUDT12-mediated pathways, but this network still needs experimental verification. In addition, this study also found that ENPP3 may regulate the expression of hsa-miR-34a-5p by affecting the transcription factor MYNN. As a nucleotidase regulating ATP levels, ENPP3 may affect metabolism by influencing neuronal response to ATP. Ghada Tagorti et al. found hsa-miR-34a-5p interacts with key genes related to type 2 diabetes (39). MYNN is involved in gene expression regulation of various biological processes. Therefore, we speculate that increased expression of ENPP3 may affect MYNN activity, dysfunction of MYNN may in turn lead to altered miRNA expression such as hsa-miR-34a-5p, eventually resulting in neuronal dysfunction. This newly discovered regulatory axis provides new insights into exploring the key pathological processes of diabetic peripheral neuropathy. However, the exact molecular mechanisms and functional significance of these regulatory networks still require experimental validation.

We predicted potential drugs that may affect the identified biomarkers using the CTD. The results showed that resveratrol was predicted to target NUDT12. Resveratrol is a natural polyphenol enriched in foods such as red grapes and red wine. It has been widely studied for its antioxidative, anti-inflammatory, antidiabetic and neuroprotective properties (40). For example, a previous study showed that resveratrol could alleviate diabetic peripheral neuropathy in mice by activating Nrf2 and inhibiting NF-kB pathways (41). It also reduced oxidative stress and improved Sirtuin 1 level in elderly patients with type 2 diabetes (42). Additionally, a systematic review suggested resveratrol could lower blood glucose and improve insulin resistance in adults with type 2 diabetes (43). These multifaceted effects indicate resveratrol may participate in the pathogenesis of diabetes and its complications through modulating oxidative stress, inflammation, glycemic control and more. Moreover, troglitazone was predicted to target ENPP3. Troglitazone acts as a free-radical scavenger and TNF-α inhibitor, can inhibit the slowing of motor nerve conduction velocity and morphological changes of the peripheral nerve in diabetic rats. troglitazone has a beneficial effect on peripheral neuropathy in streptozotocin-induced diabetic rats irrespective of blood glucose concentrations (44). In addition, there are some drugs that target NUDT12 and ENPP3 at the same time, such as Tetrachlorodibenzodioxin, cyclosporine, etc. However, its exact mechanisms of action still require further research. As a potential drug targetting NUDT12 and ENPP3 respectively predicted in this study, resveratrol and troglitazone may serve as a promising supplementary therapy for DPN pending experimental and clinical validation. Further studies are warranted to verify its efficacy and safety.

This study had certain limitations. Firstly, the sample size of patients used in this study was small, and we planned to expand the number of cohorts in future research. Secondly, this study only used bioinformatics to identify the NAD+ metabolism-related biomarkers associated with DPN, necessitating more biological experiments to validate the specific mechanisms of the biomarkers screened. Finally, there was potential for gene overlap between DPN patients and other vascular risk factors. Future research should emphasize larger-scale studies and experimental approaches to further elucidate the specific roles of these genes in DPN.




5 Conclusion

In conclusion, our comprehensive bioinformatics analysis has identified NUDT12 and ENPP3 as crucial biomarkers in DPN, emphasizing their roles in metabolic and inflammatory pathways linked to the disease, and constructed a diagnostic model based on the two genes. This study lays the foundation for elucidating the roles of the two genes in disease progression, and provides reference for developing personalized diagnosis and treatment of DPN. However, it is crucial to validate these findings through larger-scale research to further explore their clinical application value and expression mechanisms.
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