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Background

Osteosarcoma is the most common primary bone tumor. It has a high rate of early metastasis, and its treatment is one of the most challenging topics in the bone tumor field. Recent studies have shown that neutrophil extracellular traps play an important role in tumor metastasis and may provide new horizons for exploring metastasis in osteosarcoma.





Methods

OS data were downloaded from the TARGET database and Gene Expression Omnibus datasets. Univariate Cox regression was conducted to assess NETRGs. Patients were subsequently categorized into high- and low-risk groups on the basis of risk score values derived from multivariate Cox analysis, and prognostic models were established. The immune infiltration of relevant genes and drug sensitivity of key genes were also analyzed.





Results

A total of 15 NETs-related genes associated with osteosarcoma metastases were identified. Among them, a total of 4 genes were related to prognosis, namely, MAPK1, CFH, ATG7 and DDIT4, and a prognostic model based on these 4 genes was established. The prognosis was worse in the high-risk group, whose areas under the ROC curves (AUCs) were 0.857, 0.779, and 0.689 at 1, 3, and 5 years, respectively. The key genes were subsequently found to be associated with the infiltration of 20 types of immune cells. Finally, the small-molecule drug toxin c 10, an approximately 6700 mw protein, may target key genes. Finally, ATG7 was validated at the histological level by combining the results of the validation group dataset analysis.





Conclusions

A risk model based on 4 NETRDEGs is a reliable prognostic predictor for OS patients, and CFH and ATG7 may serve as a new diagnostic and therapeutic target.
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1 Introduction

Osteosarcoma is a malignant primary bone tumor that is prevalent in children and adolescents (1–3) and is most common in the distal femur, proximal tibia, and humeral metaphyseal locations (4). It is characterized by the malignant proliferation of prismatic mesenchymal stromal cells that directly produce osteoid or immature bone tissue (5, 6). It is highly malignant with a high rate of early metastasis, and its high propensity for metastasis is a major cause of poor prognosis (7, 8). Simultaneous pulmonary metastases have been reported to occur in approximately 15–20% of patients at the time of initial diagnosis (9–11). Once metastasis occurs in patients with osteosarcoma, the prognosis is extremely poor. Moreover, treatment is of limited importance, with an overall 5-year survival rate of 20%-30% (12, 13), which is much lower than that of patients without metastasis. Osteosarcoma is classified according to the Enneking Surgical Staging System (SSS) into Stage IIA (confined to the anatomical compartment), Stage IIB (breaching bone cortex, fascial tissue, or joint cavity), and Stage III (metastatic) (14, 15). The treatment follows the principle of neoadjuvant chemotherapy → surgery → adjuvant chemotherapy, with first-line chemotherapeutic agents including high-dose methotrexate, doxorubicin, cisplatin, and ifosfamide (16, 17). With the advent of neoadjuvant chemotherapy, limb-salvage surgery has become the primary approach for osteosarcoma with favorable staging. However, the success of surgery depends on achieving safe surgical margins and a favorable chemotherapeutic response. For Stage II A osteosarcoma, limb-salvage surgery is the main treatment (18), but the use of preoperative chemotherapy remains controversial, as chemotherapy insensitivity may lead to tumor progression and worsen prognosis. For Stage II B tumors, preoperative chemotherapy is routinely administered to shrink tumor boundaries, followed by wide resection if vascular or nerve invasion is absent; amputation is required if critical structures are involved (19, 20). For Stage III osteosarcoma, palliative surgery is the primary approach (21). The survival rate of osteosarcoma patients has not improved over the past 30 years, primarily due to the intractability of osteosarcoma metastases in patients (22, 23). Therefore, an in-depth study of the molecules involved in the invasion and metastasis of osteosarcoma cells is urgently needed.

Neutrophil extracellular traps (NETs), NET-like substances released by neutrophils during their immune action against pathogens that can capture and kill microorganisms, were discovered by Volker Brinkmann’s research team in as early as 2004 (24). NETs consist mainly of intracellular DNA, histones and granule proteins, such as myeloperoxidase and neutrophil elastase (25). They are closely associated with the onset and progression of diseases such as infections, sepsis, autoimmune disorders and diabetes (26–28). In recent years, studies involving the interactive functions of neutrophils and the tumor microenvironment have revealed that NETs are involved in the entire invasion–metastasis cascade of a variety of tumors (29, 30). In breast cancer, NET DNA can interact with CCDC25 on tumor cell membranes to activate the ILK-β-Parvin pathway and promote liver metastasis (31). Amyloid-β produced by cancer-associated fibroblasts (CAFs) promotes the generation of NETs by facilitating the production of ROS in neutrophils. NETs promote the hepatic metastasis of pancreatic tumors by enhancing the migration of hepatic stellate cells (32, 33). In addition, NETs contain programmed cell death ligand 1 (PD-L1), which promotes tumor metastasis by binding to programmed cell death protein 1 (PD-1) on the surface of T cells to inhibit T-cell function, leading to T-cell dysfunction and metabolic failure (34). These findings provide new directions for understanding the mechanism of osteosarcoma metastasis and possible future treatments. Therefore, exploring the molecular mechanisms of NET-related genes in the development and metastasis of osteosarcoma is highly important for the early diagnosis and clinical treatment of osteosarcoma patients.

Here, we utilized bioinformatics approaches to explore the role of NET-related genes in osteosarcoma metastasis (Figure 1). First, we identified MAPK1, CFH, ATG7, and DDIT4 as independent prognostic factors in osteosarcoma patients via Cox regression analysis. In addition, a nomogram graph was established. Analysis of immune infiltration and drug sensitivity of key genes was performed for relevant genes. Finally, ATG7 was validated at the histological level based on the results of the validation group dataset analysis. These results suggest that ATG7 may be a reliable diagnostic and therapeutic target for patients with metastatic osteosarcoma.




Figure 1 | Research flowchart.






2 Data and methods



2.1 Materials

The expression profile data of TARGET-OS in osteosarcoma patients were downloaded from UCSC Xena (https://xena.ucsc.edu/), and a total of 84 samples were obtained after patient samples with no expression data or survival data were removed. The expression profiling dataset GSE21257 containing metastasis group data was downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) (Table 1). Combined with the Gene Cards database (35) and published literature (36, 37), 258 neutrophil extracellular traps-related genes (NETRGs) were obtained.


Table 1 | Osteosarcoma dataset information.






2.2 Methods



2.2.1 Data collection and processing

The R software “limma” package was used for data correction to ensure the comparability of the data. The samples were divided into 2 groups (the unmetastases group and the metastases group), and the genes whose |log FC| was >0 and P value was<0.05 were considered differentially expressed genes (DEGs). The intersections of the DEGs and NETRGs were then plotted as Venn diagrams and differential ordering plots.




2.2.2 GSEA and GO analysis

GSEA was performed via the “cluster Profiler” package and the “c2.cp.v7.2.symbols.gmt” gene set from the Molecular Signatures Database (MSigDB). The parameters were set as follows: the number of seeds was 2020, the number of calculations was 1000, the number of genes contained in each gene set was at least 10, and the maximum number of genes contained was 500. Subsequently, Gene Ontology (GO) functional enrichment analysis was carried out on 15 NETRDEGs.




2.2.3 Construction and validation of the nomogram model

Univariate Cox analysis of NETRDEGs was performed using the “survival” package, and genes with P< 0.05 were used as the key genes in our subsequent study. Patients were categorized into high- and low-risk groups based on the median risk score via multivariate regression analysis. A nomogram was constructed using the R software package “rms”, and a decision curve was constructed using the R package “gg DCA” to evaluate the accuracy of the prediction results.

	

In this formula, the coefficient represents the risk factor, and mRNA expression represents the expression value of the gene.

The functional similarity between key genes was calculated using the R package “GO Sem Sim”. The “p ROC” package was used to plot the ROC curves of the key genes.




2.2.4 Immune infiltration and drug sensitivity analysis

Enrichment scores for the level of infiltration of each immune cell type with other stromal cells were calculated using the R software packages “GSVA” and “MCP Counter”. The correlation between immune infiltrating cells was determined via Spearman’s correlation analysis, and P< 0.05 was considered statistically significant. The Cell Miner database (https://discover.nci.nih.gov/cell miner/home.do) was searched and based on the expression of the key genes with the drug data in the Cell Miner database. Drug sensitivity analysis of key genes was performed using the “pRRophetic” package.




2.2.5 Immunohistochemical analysis

Osteosarcoma tissue microarrays (Changsha Yaxiang Biotechnologies, Changsha, China) were used for these experiments. The chips were subjected to a dewaxing process and antigen repair, followed by serum blocking to block nonspecific binding. For primary antibody incubation, the samples were rinsed three times with phosphate buffer for 3 min each. Then, the ATG7 antibody (OriGene Technologies, Wuxi, China) was diluted at a ratio of 1:1000, the primary antibody was added dropwise, and the samples were incubated overnight at 4°C in a refrigerator. For secondary antibody incubation, the samples were washed with phosphate buffer three times for 3 min each, horseradish peroxidase-labeled secondary antibody was added dropwise, the samples were incubated at room temperature for 2 h, and the samples were rinsed with phosphate buffer three times for 3 min each. DAB staining solution was added dropwise for coloring, and the color development was observed under a microscope. The samples were quickly washed after coloring. The samples were restrained by incubating them with hematoxylin for 1min, followed by rinsing for 5 min and drying at room temperature before sealing them with a coverslip. The next day, images were obtained with a tissue microarray scanner.




2.2.6 Statistical analysis

R software version 4.1.2 was used for analysis, and R language-related packages (“limma,” “cluster Profiler,” “p ROC,” “rms,” “survival,” “GO Sem Sim,” “gg DCA,” “GSVA,” etc.) were used to process data. Differences in survival were analyzed via the Kaplan–Meier method and are expressed as hazard ratios (HRs) and 95% confidence intervals (CIs). P< 0.05 was considered a statistically significant difference. The statistical significance is shown as follows: P value< 0.05 (*) and P value< 0.01 (**).






3 Results



3.1 Standardization of the dataset and screening results of NETRDEGs

The dataset GSE21257 was standardized such that the trend of expression among different samples converged, and a box line plot was drawn for the distribution of data before and after standardization (Figures 2A, B). In the dataset, 1068 genes satisfied the threshold of |logFC| > 0 and P value< 0.05, and 602 and 466 genes exhibited high and low expression in the metastasis group, respectively (Figure 2C). Taking the intersection of all DEGs and NETRGs, a total of 15 NETRDEGs were obtained, including IL1RL1, AZU1, NFIL3, DDIT4, ENO1, KRT10, ATG7, MAPK1, PIK3CG, DECR1, IL36G, CFH, SELL, SFTPD, and COLEC11 (Figures 2D, E).




Figure 2 | Analysis of TARGET-OS differential genes in the dataset. (A, B) Box plots of the GSE21257 dataset before and after correction. (Red represents the metastases group, blue represents the unmetastases group). (C) Volcano plots of differentially expressed genes. (D, E) Venn diagrams and differential ordering plots of intersecting genes.






3.2 GSEA and GO analysis

To analyze the biological functions of the 15 NETRDEGs, we first performed GO analysis of the NETRDEGs (Figures 3A–C). These genes were found to be involved in autophagy in the nucleus, the regulation of the cellular response to hypoxia, the response to hypoxia, and the circadian rhythm in biological processes. The cellular component terms were significantly associated with the secretory granule lumen, cytoplasmic vesicle lumen, vesicle lumen, and collagen trimer. The enriched molecular function of the DE-FRGs were as follows: oligosaccharide binding, heparan sulfate proteoglycan binding, heparin binding, and proteoglycan binding. GSEA revealed that the DEGs were significantly enriched in the glycolysis pathway, autophagy pathway, IL7 pathway, Wnt signaling pathway, and PI3K/Akt signaling pathway (Figures 3D–I).




Figure 3 | GO analysis of NETRDEGs and GSEA of DEGs. (A–C) GO analysis of NETRDEGs. (A) bubble chart, (B) column chart, (C) ring network chart. (D–I) Genes associated with the glycolysis pathway (E), the autophagy pathway (F), the IL7 pathway (G), the Wnt signaling pathway (H), the PI3K/Akt signaling pathway (I) were significantly enriched.






3.3 Construction of a prognostic model and establishment of a nomogram

To obtain a prognostic model for NET-related genes, we screened for NETRGs via univariate Cox analysis in conjunction with survival outcomes and survival times and constructed a forest plot (Figure 4A). We then included these key genes in a multivariate Cox analysis to obtain the risk score value and grouped the samples of the dataset into high- and low-risk groups according to the median value of the risk score (cutoff value = -0.050965805) and found that the prognosis was worse in the high-risk group (Figures 4C, D). The prognostic model can be expressed as follows: risk score=MAPK1*(−0.350932209)+CFH*(−0.540468911)+ATG7*(−0.765106538)+DDIT4*0.132203877. We then performed a nomogram analysis to determine the prognostic ability of the key genes (Figure 4B). The nomogram yields a score for each item, and the total score and corresponding survival rate can be obtained after adding the scores of all the items. The results showed that the utility of the expression of the CFH gene in the model was significantly greater than that of the other genes. Moreover, the AUCs of the 1-, 3- and 5-year ROCs were 0.857, 0.779 and 0.689, respectively (Figure 4E). In addition, we performed 1-, 3-, and 5-year prognostic calibration analyses and plotted calibration curves for the prognostic model (Figures 4F–H). We found that the model predicted patient survival in general agreement with actual patient survival. We then used decision curve analysis to assess the magnitude of the clinical utility of the constructed models at 1, 3, and 5 years (Figures 4I–K), which revealed that the 5-year prognostic model had the best clinical utility.




Figure 4 | Construction of the Cox regression model. (A) Forest plots for univariate Cox regression; (B) Nomogram integrating the risk score and clinical characteristics; (C-E) Distribution, Kaplan–Meier plot, and time-dependent ROC curve of the risk model. (F-H) 1-year, 3-year, and 5-year survival calibration plots of the nomogram. (I-K) 1-year, 3-year, and 5-year survival DCA plots of the nomogram.






3.4 Prognostic analysis of key genes in the training group

To assess the relationships between the four key genes and prognosis, we plotted prognostic Kaplan–Meier survival curves in the TARGET-OS dataset for each of the key genes (Figures 5A–D), which revealed that all four genes significantly correlated with survival: MAPK (P = 0.035), CFH (P = 0.029), ATG7 (P = 0.004), and DDIT4 (P = 0.043). Group comparison plot of key genes among different subgroups in the training dataset were drawn (Figure 5E). In addition, gene correlation analysis was performed based on the complete expression matrix of key genes, and correlation heatmaps were drawn (Figure 5F). The results revealed a positive correlation between the genes ATG7 and MAPK1 and between CFH and ATG7. We subsequently performed functional similarity analysis of the key genes and then visualized the results of the functional similarity analysis among the key genes via a box-and-line plot (Figure 5G), which revealed that ATG7 was the most similar gene to the other three genes in terms of function. Next, the ROC curves of the key genes were plotted (Figures 5H–K). The ROC curves revealed that the differences in the expression of the CFH gene (AUC = 0.711) in the dataset presented comparable accuracy across subgroups.




Figure 5 | K–M curves and correlation analysis for the TARGET-OS dataset. (A-D) K–M curves for prognstic analysis of the genes MAPK1, CFH, ATG7, and DDIT4. (E) Group comparison plot of key genes among different subgroups in the TARGET-OS dataset. (F) Correlation heatmap of key genes in the TARGET-OS dataset. (G) Functional similarity analysis of key genes. (H-K) ROC curve analysis of key genes in the TARGET-OS dataset.






3.5 Analysis of immune cell infiltration

To explore immune cell infiltration, the correlation between the infiltration abundance of 28 immune cells was calculated via the ssGSEA algorithm. The results of the correlation heatmap (Figure 6A) revealed a positive correlation between the infiltration abundance of immune cells that activated CD8+ T cells and macrophages and between effector memory CD8+ T cells and immature B cells, macrophages and MDSCs. Subsequently, we analyzed the relationships between the key genes and the infiltration abundance of 28 immune cells via the ssGSEA algorithm, and the key genes CFH, ATG7, and DDIT4 were correlated with 20 of these immune cells (Figure 6B). Among them, positive correlations were identified between CFH and immune cells, central memory CD4 T cells, natural killer cells, as well as between ATG7 and immune cells and killer cells. To ensure the accuracy of the above algorithm, we also calculated the correlation between key genes and immune cell infiltration abundance via the MCP Counter algorithm (Figure 6C), which revealed that the key genes were related to 10 types of immune cells. Among them, positive correlations were identified between ATG7 and endothelial and monocyte lineage cells as well as between CFH and monocytic lineage cells; DDIT4 negatively correlated with NK cells.




Figure 6 | Immune infiltration analysis. (A) Correlation analysis of the infiltration abundances of 28 immune cell types calculated via the ssGSEA algorithm. (B) The results of the ssGSEA algorithm. (C) The results of the MCP Counter algorithm.






3.6 Drug sensitivity analysis and immunohistochemical analysis

To obtain small-molecule drugs that target key genes, we used data from the cancer drug database Cell Miner, including the mRNA expression profiles of key genes and drug activities. Using the pRRophetic algorithm, a ridge regression model was constructed based on the expression and gene expression profiles of the key genes in the TARGET-OS dataset, and the sensitivities of the key genes to common anticancer drugs were predicted by the IC50 values (Figure 7A). The results show that key genes can be found in the database Cell Miner for a variety of drugs with interaction relationships. Among them, ATG7, kinetin riboside, MAPK1, and CFH positively correlated with the small molecule sri1215. Negative correlations were identified between ATG7 and the small-molecule drug protein toxin c10-mwapprox.6700, between CFH and benzethonium chloride, and between MAPK1 and zimelidine hydrochloride.




Figure 7 | Drug sensitivity analysis and immunohistochemical analysis. (A) Drug sensitivity analysis (dark brown represents antagonists, and blue–gray represents agonists). (B) Differential expression of key genes between different subgroups in GSE21257. (C) Immunohistochemistry of ATG7 in the metastatic and nonmetastatic groups.



To explore the expression of key genes in different sequencing datasets, the differences in the high- and low-expression key genes among different subgroups in the GEO dataset were analyzed (Figure 7B). ATG7 expression was significantly lower in the metastasis group than in the metastasis-free group in the GSE21257 dataset, which was consistent with the analysis of the TARGET dataset. This difference may be a common phenomenon in metastatic patients. However, the expression levels of MAPK1, CFH and DDIT4 did not significantly differ between groups in the GSE21257 dataset, but the trend was consistent with the results in the training set. Low expression of ATG7 is likely a common genetic variant in all patients with osteosarcoma metastases. To assess the potential of ATG7 as a biomarker and therapeutic target for osteosarcoma metastases, we analyzed the expression of ATG7 in tissue microarrays using immunohistochemistry. ATG7 was expressed at low levels at the histological level, which was consistent with the results of our bioinformatics analysis. (Figure 7C).





4 Discussion

Despite advances in the diagnosis and treatment of osteosarcoma, distant metastasis has become a bottleneck in improving the survival of osteosarcoma patients, which severely restricts their long-term survival (38). In fact, metastasis is a multifactorial and multistep process in which tumor cells undergo three stages: acquisition of in situ invasive ability, escape from the immune surveillance system during the circulatory process, and colonization of the premetastatic microenvironment; then, the surviving tumor cells grow in distal organs far from the site of origin, resulting in multiorgan failure (39, 40). Recent studies have demonstrated that the extracellular trap network released by neutrophils during their physiological function is involved in the three stages of the metastatic process to varying degrees, including the establishment of the premetastatic microenvironment, epithelial-to-mesenchymal transition, the colonization of circulating tumor cells, and the growth of tumor cells in micrometastatic lesions (25). However, the role of NETs in the pathogenesis of OS remains poorly understood, prompting us to explore the possibility of using NET-related genes as OS biomarkers.

Here, we functionally analyzed osteosarcoma NET-related genes via bioinformatics methods. A new prognostic risk model associated with osteosarcoma NETs was identified, and the correlations of the associated genes with the immune microenvironment and small-molecule drugs were also analyzed. Previous studies have indicated that NETs-related genes play a significant role in osteosarcoma metastasis and immune cell infiltration, with notable differences in key immune components, such as natural killer T (NKT) cells and CD4 T cells, observed between metastatic and non-metastatic groups (41, 42). Importantly, in their study, compared to the low NETscore group, the high NETscore group exhibited significantly lower scores in immune function-related aspects, including immune checkpoints. Using different research methods, we further confirmed that CFH, functioning similarly to an immune checkpoint, plays a crucial role in immune regulation. CFH may help tumor cells evade immune surveillance, promoting metastasis. What’s more, we firstly found that autophagy pathways were significantly enriched in the metastatic group. ATG7, as an important member of the autophagy family, showed significant differential expression in our study. This indicates that ATG7 plays a crucial role in osteosarcoma autophagy, underscoring its importance for further research. Additionally, we identified small-molecule drug agonists or inhibitors targeting key genes, providing potential therapeutic avenues for further exploration.

Recent developments in the field of immunotherapy have facilitated in-depth studies of the osteosarcoma tumor microenvironment, where immune cells within the TME play a key role in osteosarcoma genesis and influence the therapeutic response and clinical outcomes (43). Previous studies have demonstrated that many neutrophils in the tumor microenvironment are affected by CXCR1- and CXCR2-activating ligands produced by tumor cells, which induce the production of NETs to shield immune cells (CD8+ T cells and NK cells) from exposure to tumor cells, thereby preventing tumor cells from being killed by immune cells and facilitating tumor metastasis (27, 44). Therefore, to further clarify the driving role of immune cells in osteosarcoma metastasis, we explored the infiltration of NET-related genes by various immune cells. We found that these four genes were significantly associated with the infiltration of 20 types of immune cells, including T cells and NK cells (45). These findings confirm that key genes play important roles in tumor immunity and provide new ideas for osteosarcoma immunotherapy. Most importantly, our study found a statistically significant difference in CFH between the two groups. As a crucial regulatory protein of the complement system, although CFH is not a typical immune checkpoint molecule (such as PD-1 or CTLA-4), it plays a “checkpoint-like” role in immune regulation, primarily by modulating the activity of the complement system to maintain immune homeostasis and prevent excessive immune responses and tissue damage (46). As is well-known, immune checkpoints such as PD-1 act as “switches” of the immune system (47). Their dysregulation compromises the body’s immune surveillance of tumor cells and plays a critical role in tumor metastasis. Specifically, as an inhibitor of the complement system, CFH can prevent inflammatory responses and tissue damage caused by overactivation of the complement system, thereby inhibiting complement-mediated autoimmune reactions and maintaining the balance of the immune system. Furthermore, CFH can exert antimetastatic effects by inhibiting excessive angiogenesis in tumor tissues (48, 49). In our study, we observed reduced expression of CFH in the metastatic group, and we believe that CFH plays a significant role in the imbalance of the complement and immune systems in osteosarcoma. This finding is important for further research and will be a key focus of our next steps.

MAPK1, also known as extracellular signal–regulated kinase (ERK2), is an important component of the MAP kinase signal transduction pathway. It plays an important role in regulating cell proliferation, differentiation, apoptosis, migration and other activities (50). Studies have shown that aberrant activation of ERK2 in the MAPK pathway is an important cause of a variety of cancers, such as oral cancer (51) and hepatocellular carcinoma (52), in which the hyperactivation of ERK2 can be detected. In addition, a study revealed that this protein, which is a moonlighting protein, also has a transcriptional repressive effect independent of kinase activity. Specifically, IFNγ signaling leads to ERK overactivation in melanoma cells, followed by the generation of an overstress response that leads to cell death. Moreover, the overexpression of either ERK1 or ERK2 leads to cell death in human melanoma cell lines (53). In our study, MAPK1 was expressed at low levels in the training set, but this difference was not significant in the validation set GSE21257. We speculate that the reason for this difference may be related to differences in the site of metastasis and the heterogeneity of the tumor, resulting in different molecular biological alterations, however, this hypothesis needs to be verified in larger studies.

The relationship between cancer and autophagy is complex and is characterized by the fact that the pro– and anticancer properties of autophagy are mutually transformative under specific circumstances (54–57). As an important autophagy effector enzyme, ATG7 can regulate immunity, cell death, and protein secretion together with other autophagy–associated proteins and independently regulate the cell cycle and apoptosis (58). ATG7 multifunctionality is reportedly associated with oncogenic or pro–oncogenic properties in different tumors. Studies have reported that ATG7 deficiency in mice leads to hepatocellular carcinoma by activating the Yap metabolic pathway (59). In another study, elevated ATG7 expression was associated with bladder cancer (60) and lung cancer (61), and high levels of ATG7 expression were associated with poor prognosis in breast cancer patients (62). Other studies have shown that whether ATG7 promotes or suppresses tumors also seems to depend on the status of the tumor suppressor P53 (63, 64). Our findings suggest that ATG7 may suppress metastasis, and its association with the status of P53 has not been reported in the field of osteosarcoma and warrants further investigation. Although the complex link between ATG7 and osteosarcoma remains puzzling, alterations in autophagy are increasingly associated with tumors, and targeting and regulating ATG7 may constitute a promising therapeutic approach.

DNA damage–inducible transcript 4 (DDIT4) is a tumor–associated protein that is highly expressed under stress conditions, such as chemotherapy, heat shock, energy depletion, hypoxia and DNA damage. It is involved not only in tumor survival, antitumor resistance and antiapoptotic processes but also in tumor metastatic behaviors, such as proliferation and invasion (65, 66). Recent analyses of DDIT4 in several cancer types have shown that high expression of this gene is associated with poor prognosis in several hematological and solid tumors, such as acute myeloid leukemia (67), breast cancer (68) and lung cancer (69). In terms of mechanism, DDIT4 is involved in the mTORC1, p53, HIF, autophagy and oxygen sensing signaling pathways through intermolecular interactions with multiple pathway proteins. It is directly involved in the activation of several important pathways and has a driving role in tumor progression and metastasis (70, 71). This finding is consistent with our findings and can be used as a new therapeutic strategy to provide a research basis.

However, our study is subject to several shortcomings. First, the data used in our study were not our own but were obtained from public databases, and whether the sequencing data in the databases can reflect the genetic alterations in all patients remains to be demonstrated. Second, due to the lack of clinical samples from osteosarcoma patients, the key genes could not be quantitatively analyzed by RT–qPCR and WB experiments. Third, the specific mechanisms of ATG7 and CFH with respect to the OS autophagy and immune microenvironment have not been further investigated. More prospective studies are needed if the value of NETs in OS metastasis is to be further confirmed.




5 Conclusion

In conclusion, we developed a prognostic model based on four NETRDEGs, namely, MAPK1, CFH, ATG7 and DDIT4. ROC curves and nomogram plots were used to assess the accuracy of the model, which demonstrated that our prognostic model could reliably predict OS outcome. Furthermore, our study revealed that NETRDEGs can influence immune cells within the tumor microenvironment, and CFH may play a “checkpoint–like” role in the immune regulation of osteosarcoma. More importantly, ATG7 plays a significant role in osteosarcoma autophagy, providing new clues for exploring immunotherapeutic approaches for osteosarcoma patients.

These findings may lead to new therapeutic targets for the diagnosis and treatment of metastasis in OS patients, and more relevant studies are needed to further validate the link between CFH, ATG7 and osteosarcoma metastases. This study provides a basis for exploring the molecular mechanisms, diagnosis and treatment of osteosarcoma metastases.





Data availability statement

The data presented in the study are deposited in the GEO data base (https://www.ncbi.nlm.nih.gov/geo/) and UCSC Xena (https://xena.ucsc.edu/) repository, accession number GSE 21257.





Ethics statement

The studies involving humans were approved by Life Sciences Ethics Committee of Changsha Yaxiang Biotechnology Co., Ltd. The studies were conducted in accordance with the local legislation and institutional requirements. The human samples used in this study were acquired from the study using the tissue microarray was approved by the Life Sciences Ethics Committee of Changsha Yaxiang Biotechnology Co., Ltd. The Ethics report is available online at yxswll.ccrl.cn. The query code is FFFUNJSL7P57MC. Written informed consent for participation was not required from the participants or the participants’ legal guardians/next of kin in accordance with the national legislation and institutional requirements. All authors contributed to the article and approved the submitted version.





Author contributions

DC: Data curation, Methodology, Software, Validation, Visualization, Writing – original draft, Writing – review & editing. RH: Conceptualization, Methodology, Software, Writing – review & editing. JS: Funding acquisition, Methodology, Project administration, Resources, Supervision, Visualization, Writing – review & editing. RX: Data curation, Methodology, Software, Writing – review & editing. DW: Writing – review & editing, Software.





Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This work was supported by the Key Program of Ningxia Hui Autonomous Region Natural Science Foundation of China (No. 2024AAC02069).




Acknowledgments

We thank the UCSC Xena website (https://xena.ucsc.edu/) and GEO website (https://www.ncbi.nlm.nih.gov/geo/) for providing the sequencing data.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.





Abbreviations

NETs, Neutrophil extracellular traps; OS, Osteosarcoma; NETRGs, Neutrophil extracellular traps related genes; NETRDEGs, Neutrophil extracellular traps related differentially expressed genes; GO, Gene Ontology; GSEA, Gene set enrichment analysis; GEO, Gene Expression Omnibus.




References

1. Panez–Toro, I, Muñoz–García, J, Vargas–Franco, JW, Renodon-Cornière, A, Heymann, MF, Lézot, F, et al. Advances in osteosarcoma. Curr Osteoporos Rep. (2023) 21:330–43. doi: 10.1007/s11914-023-00803-9

2. Brown, HK, Schiavone, K, Gouin, F, Heymann, MF, and Heymann, D. Biology of bone sarcomas and new therapeutic developments. Calcif Tissue Int. (2018) 102:174–95. doi: 10.1007/s00223-017-0372-2

3. Arndt, CA, Rose, PS, Folpe, AL, and Laack, NN. Common musculoskeletal tumors of childhood and adolescence. Mayo Clin Proc. (2012) 87:475–87. doi: 10.1016/j.mayocp.2012.01.015

4. Xie, D, Wang, Z, Li, J, Guo, DA, Lu, A, and Liang, C. Targeted delivery of chemotherapeutic agents for osteosarcoma treatment. Front Oncol. (2022) 12:843345. doi: 10.3389/fonc.2022.843345

5. Peng, Z, Li, M, Wang, Y, Yang, H, Wei, W, Liang, M, et al. Self–assembling imageable silk hydrogels for the focal treatment of osteosarcoma. Front Cell Dev Biol. (2022) 10:698282. doi: 10.3389/fcell.2022.698282

6. Heymann, MF, Lezot, F, and Heymann, D. Bisphosphonates in common pediatric and adult bone sarcomas. Bone. (2020) 139:115523. doi: 10.1016/j.bone.2020.115523

7. Zhang, C, Guo, X, Xu, Y, Han, X, Cai, J, Wang, X, et al. Lung metastases at the initial diagnosis of high–grade osteosarcoma: prevalence, risk factors and prognostic factors. A large population–based cohort study. Sao Paulo Med J. (2019) 137:423–29. doi: 10.1590/1516-3180.2018.0381120619

8. Beird, HC, Bielack, SS, Flanagan, AM, Gill, J, Heymann, D, Janeway, KA, et al. Osteosarcoma. Nat Rev Dis Primers. (2022) 8:77. doi: 10.1038/s41572-022-00409-y

9. Kager, L, Zoubek, A, Pötschger, U, Kastner, U, Flege, S, Kempf-Bielack, B, et al. Primary metastatic osteosarcoma: presentation and outcome of patients treated on neoadjuvant Cooperative Osteosarcoma Study Group protocols. J Clin Oncol. (2003) 21:2011–8. doi: 10.1200/JCO.2003.08.132

10. Tsukamoto, S, Errani, C, Angelini, A, and Mavrogenis, AF. Current treatment considerations for osteosarcoma metastatic at presentation. Orthopedics. (2020) 43:e345–e58. doi: 10.3928/01477447-20200721-05

11. Sheng, G, Gao, Y, Yang, Y, and Wu, H. Osteosarcoma and metastasis. Front Oncol. (2021) 11:780264. doi: 10.3389/fonc.2021.780264

12. Meazza, C, and Scanagatta, P. Metastatic osteosarcoma: a challenging multidisciplinary treatment. Expert Rev Anticancer Ther. (2016) 16:543–56. doi: 10.1586/14737140.2016.1168697

13. Ni, M. Update and interpretation of 2021 national comprehensive cancer network (NCCN) “Clinical practice guidelines for bone tumors”. Zhongguo Xiu Fu Chong Jian Wai Ke Za Zhi. (2021) 35:1186–91. doi: 10.7507/1002-1892.202103073

14. Wolf, RE, and Enneking, WF. The staging and surgery of musculoskeletal neoplasms. Orthop Clin North Am. (1996) 27:473–81.

15. Enneking, WF. A system of staging musculoskeletal neoplasms. Instr Course Lect. (1988) 37:3–10.

16. Goorin, AM, Schwartzentruber, DJ, Devidas, M, Gebhardt, MC, Ayala, AG, Harris, MB, et al. Presurgical chemotherapy compared with immediate surgery and adjuvant chemotherapy for nonmetastatic osteosarcoma: Pediatric Oncology Group Study POG–8651. J Clin Oncol. (2003) 21:1574–80. doi: 10.1200/jco.2003.08.165

17. Collins, M, Wilhelm, M, Conyers, R, Herschtal, A, Whelan, J, Bielack, S, et al. Benefits and adverse events in younger versus older patients receiving neoadjuvant chemotherapy for osteosarcoma: findings from a meta–analysis. J Clin Oncol. (2013) 31:2303–12. doi: 10.1200/jco.2012.43.8598

18. Bacci, G, Ferrari, S, Lari, S, Mercuri, M, Donati, D, Longhi, A, et al. Osteosarcoma of the limb Amputation or limb salvage in patients treated by neoadjuvant chemotherapy. J Bone Joint Surg Br. (2002) 84:88–92. doi: 10.1302/0301-620X.84B1.0840088

19. Mavrogenis, AF, Abati, CN, Romagnoli, C, and Ruggieri, P. Similar survival but better function for patients after limb salvage versus amputation for distal tibia osteosarcoma. Clin Orthop Relat Res. (2012) 470:1735–48. doi: 10.1007/s11999-011-2238-7

20. Reddy, KI, Wafa, H, Gaston, CL, Grimer, RJ, Abudu, AT, Jeys, LM, et al. Does amputation offer any survival benefit over limb salvage in osteosarcoma patients with poor chemonecrosis and close margins? Bone Joint J. (2015) 97–b:115–20. doi: 10.1302/0301-620x.97b1.33924

21. Kempf–Bielack, B, Bielack, SS, Jürgens, H, Branscheid, D, Berdel, WE, Exner, GU, et al. Osteosarcoma relapse after combined modality therapy: an analysis of unselected patients in the Cooperative Osteosarcoma Study Group (COSS). J Clin Oncol. (2005) 23:559–68. doi: 10.1200/jco.2005.04.063

22. Dean, DC, Shen, S, Hornicek, FJ, and Duan, Z. From genomics to metabolomics: emerging metastatic biomarkers in osteosarcoma. Cancer Metastasis Rev. (2018) 37:719–31. doi: 10.1007/s10555-018-9763-8

23. Zhang, T, Zhang, S, Yang, F, Wang, L, Zhu, S, Qiu, B, et al. Efficacy comparison of six chemotherapeutic combinations for osteosarcoma and ewing’s sarcoma treatment: A network meta–analysis. J Cell Biochem. (2018) 119:250–59. doi: 10.1002/jcb.25976

24. Brinkmann, V, Reichard, U, Goosmann, C, Fauler, B, Uhlemann, Y, Weiss, DS, et al. Neutrophil extracellular traps kill bacteria. Science. (2004) 303:1532–5. doi: 10.1126/science.1092385

25. de Buhr, N, and von Köckritz–Blickwede, M. How neutrophil extracellular traps become visible. J Immunol Res. (2016) 2016:4604713. doi: 10.1155/2016/4604713

26. Clark, SR, Ma, AC, Tavener, SA, McDonald, B, Goodarzi, Z, Kelly, MM, et al. Platelet TLR4 activates neutrophil extracellular traps to ensnare bacteria in septic blood. Nat Med. (2007) 13:463–9. doi: 10.1038/nm1565

27. Papayannopoulos, V. Neutrophil extracellular traps in immunity and disease. Nat Rev Immunol. (2018) 18:134–47. doi: 10.1038/nri.2017.105

28. Hidalgo, A, Libby, P, Soehnlein, O, Aramburu, IV, Papayannopoulos, V, and Silvestre–Roig, C. Neutrophil extracellular traps: from physiology to pathology. Cardiovasc Res. (2022) 118:2737–53. doi: 10.1093/cvr/cvab329

29. Adrover, JM, McDowell, SAC, He, XY, Quail, DF, and Egeblad, M. NETworking with cancer: The bidirectional interplay between cancer and neutrophil extracellular traps. Cancer Cell. (2023) 41:505–26. doi: 10.1016/j.ccell.2023.02.001

30. Cristinziano, L, Modestino, L, Antonelli, A, Marone, G, Simon, HU, Varricchi, G, et al. Neutrophil extracellular traps in cancer. Semin Cancer Biol. (2022) 79:91–104. doi: 10.1016/j.semcancer.2021.07.011

31. Yang, L, Liu, Q, Zhang, X, Liu, X, Zhou, B, Chen, J, et al. DNA of neutrophil extracellular traps promotes cancer metastasis via CCDC25. Nature. (2020) 583:133–38. doi: 10.1038/s41586-020-2394-6

32. Munir, H, Jones, JO, Janowitz, T, Hoffmann, M, Euler, M, Martins, CP, et al. Stromal–driven and Amyloid β–dependent induction of neutrophil extracellular traps modulates tumor growth. Nat Commun. (2021) 12:683. doi: 10.1038/s41467-021-20982-2

33. Takesue, S, Ohuchida, K, Shinkawa, T, Otsubo, Y, Matsumoto, S, Sagara, A, et al. Neutrophil extracellular traps promote liver micrometastasis in pancreatic ductal adenocarcinoma via the activation of cancer−associated fibroblasts. Int J Oncol. (2020) 56:596–605. doi: 10.3892/ijo.2019.4951

34. Kaltenmeier, C, Yazdani, HO, Morder, K, Geller, DA, Simmons, RL, and Tohme, S. Neutrophil extracellular traps promote T cell exhaustion in the tumor microenvironment. Front Immunol. (2021) 12:785222. doi: 10.3389/fimmu.2021.785222

35. Safran, M. GeneCards Version 3: the human gene integrator. In: Database (Oxford). Secondary GeneCards Version 3: the human gene integrator. Oxford: LifeMap Sciences, Inc. (2010). Available at: https://www.genecards.org/ (Accessed 15 July, 2023).

36. Wu, J, Zhang, F, Zheng, X, Zhang, J, Cao, P, Sun, Z, et al. Identification of renal ischemia reperfusion injury subtypes and predictive strategies for delayed graft function and graft survival based on neutrophil extracellular trap–related genes. Front Immunol. (2022) 13:1047367. doi: 10.3389/fimmu.2022.1047367

37. Teng, ZH, Li, WC, Li, ZC, Wang, YX, Han, ZW, and Zhang, YP. Neutrophil extracellular traps–associated modification patterns depict the tumor microenvironment, precision immunotherapy, and prognosis of clear cell renal cell carcinoma. Front Oncol. (2022) 12:1094248. doi: 10.3389/fonc.2022.1094248

38. Belayneh, R, Fourman, MS, Bhogal, S, and Weiss, KR. Update on osteosarcoma. Curr Oncol Rep. (2021) 23:71. doi: : 10.1007/s11912-021-01053-7


39. Suhail, Y, Cain, MP, Vanaja, K, Kurywchak, PA, Levchenko, A, Kalluri, R, et al. Systems biology of cancer metastasis. Cell Syst. (2019) 9:109–27. doi: 10.1016/j.cels.2019.07.003

40. Zhou, J, Wang, L, Peng, C, and Peng, F. Co–targeting tumor angiogenesis and immunosuppressive tumor microenvironment: A perspective in ethnopharmacology. Front Pharmacol. (2022) 13:886198. doi: 10.3389/fphar.2022.886198

41. Lin, Y, Tang, H, Teng, H, Feng, W, Li, F, Liu, S, et al. Development and validation of neutrophil extracellular traps–derived signature to predict the prognosis for osteosarcoma patients. Int Immunopharmacol. (2024) 127:111364. doi: 10.1016/j.intimp.2023.111364

42. Tang, H, Xie, J, Du, YX, Tan, ZJ, and Liang, ZT. Osteosarcoma neutrophil extracellular trap network–associated gene recurrence and metastasis model. J Cancer Res Clin Oncol. (2024) 150:48. doi: 10.1007/s00432-023-05577-2

43. Corre, I, Verrecchia, F, Crenn, V, Redini, F, and Trichet, V. The osteosarcoma microenvironment: A complex but targetabl e ecosystem. Cells. (2020) 9:976. doi: 10.3390/cells9040976

44. Teijeira, Á, Garasa, S, Gato, M, Alfaro, C, Migueliz, I, Cirella, A, et al. CXCR1 and CXCR2 chemokine receptor agonists produced by tumors induce neutrophil extracellular traps that interfere with immune cytotoxicity. Immunity. (2020) 52:856–71.e8. doi: 10.1016/j.immuni.2020.03.001

45. Tullius, BP, Setty, BA, and Lee, DA. Natural killer cell immunotherapy for osteosarcoma. Adv Exp Med Biol. (2020) 1257:141–54. doi: 10.1007/978-3-030-43032-0_12

46. Saxena, R, Gottlin, EB, Campa, MJ, Bushey, RT, Guo, J, Patz, EF, et al. Complement factor H: a novel innate immune checkpoint in cancer immunotherapy. Front Cell Dev Biol. (2024) 12:1302490. doi: 10.3389/fcell.2024.1302490

47. Zhou, J, Wan, F, Wang, L, Peng, C, Huang, R, and Peng, F. STAT4 facilitates PD–L1 level via IL–12R/JAK2/STAT3 axis and predicts immunotherapy response in breast cancer. MedComm (2020). (2023) 4:e464. doi: 10.1002/mco2.v4.6

48. Liu, J, and Hoh, J. Loss of complement factor H in plasma increases endothelial cell migration. J Cancer. (2017) 8:2184–90. doi: 10.7150/jca.19452

49. Martin, M, Leffler, J, Smoląg, KI, Mytych, J, Björk, A, Chaves, LD, et al. Factor H uptake regulates intracellular C3 activation during apoptosis and decreases the inflammatory potential of nucleosomes. Cell Death Differ. (2016) 23:903–11. doi: 10.1038/cdd.2015.164

50. Guo, YJ, Pan, WW, Liu, SB, Shen, ZF, Xu, Y, and Hu, LL. ERK/MAPK signalling pathway and tumorigenesis. Exp Ther Med. (2020) 19:1997–2007. doi: 10.3892/etm.2020.8454

51. Sarkar, R, Das, A, Paul, RR, and Barui, A. Cigarette smoking promotes cancer–related transformation of oral epithelial cells through activation of Wnt and MAPK pathway. Future Oncol. (2019) 15:3619–31. doi: 10.2217/fon-2019-0338

52. Mehdizadeh, A, Somi, MH, Darabi, M, and Jabbarpour–Bonyadi, M. Extracellular signal–regulated kinase 1 and 2 in cancer therapy: a focus on hepatocellular carcinoma. Mol Biol Rep. (2016) 43:107–16. doi: 10.1007/s11033-016-3943-9

53. Wang, K, Luo, Q, Zhang, Y, Xie, X, Cheng, W, Yao, Q, et al. LINC01296 promotes proliferation of cutaneous Malignant melanoma by regulating miR–324–3p/MAPK1 axis. Aging (Albany NY). (2022) 15:2877–90. doi: 10.18632/aging.204413

54. Debnath, J, Gammoh, N, and Ryan, KM. Autophagy and autophagy–related pathways in cancer. Nat Rev Mol Cell Biol. (2023) 24:560–75. doi: 10.1038/s41580-023-00585-z

55. Klionsky, DJ, Petroni, G, Amaravadi, RK, Baehrecke, EH, Ballabio, A, Boya, P, et al. Autophagy in major human diseases. EMBO J. (2021) 40:e108863. doi: 10.15252/embj.2021108863

56. Camuzard, O, Santucci–Darmanin, S, Carle, GF, and Pierrefite–Carle, V. Autophagy in the crosstalk between tumor and microenvironment. Cancer Lett. (2020) 490:143–53. doi: 10.1016/j.canlet.2020.06.015

57. Long, M, and McWilliams, TG. Monitoring autophagy in cancer: From bench to bedside. Semin Cancer Biol. (2020) 66:12–21. doi: 10.1016/j.semcancer.2019.05.016

58. Collier, JJ, Suomi, F, Oláhová, M, McWilliams, TG, and Taylor, RW. Emerging roles of ATG7 in human health and disease. EMBO Mol Med. (2021) 13:e14824. doi: 10.15252/emmm.202114824

59. Lee, YA, Noon, LA, Akat, KM, Ybanez, MD, Lee, TF, Berres, ML, et al. Autophagy is a gatekeeper of hepatic differentiation and carcinogenesis by controlling the degradation of Yap. Nat Commun. (2018) 9:4962. doi: 10.1038/s41467-018-07338-z

60. Zhu, J, Li, Y, Tian, Z, Hua, X, Gu, J, Li, J, et al. ATG7 overexpression is crucial for tumorigenic growth of bladder cancer in vitro and in vivo by targeting the ETS2/miRNA196b/FOXO1/p27 axis. Mol Ther Nucleic Acids. (2017) 7:299–313. doi: 10.1016/j.omtn.2017.04.012

61. Sun, S, Wang, Z, Tang, F, Hu, P, Yang, Z, Xue, C, et al. ATG7 promotes the tumorigenesis of lung cancer but might be dispensable for prognosis predication: a clinicopathologic study. Onco Targets Ther. (2016) 9:4975–81. doi: 10.2147/ott.S107876

62. Desai, S, Liu, Z, Yao, J, Patel, N, Chen, J, Wu, Y, et al. Heat shock factor 1 (HSF1) controls chemoresistance and autophagy through transcriptional regulation of autophagy–related protein 7 (ATG7). J Biol Chem. (2013) 288:9165–76. doi: 10.1074/jbc.M112.422071

63. Rosenfeldt, MT, O’Prey, J, Morton, JP, Nixon, C, MacKay, G, Mrowinska, A, et al. p53 status determines the role of autophagy in pancreatic tumour development. Nature. (2013) 504:296–300. doi: 10.1038/nature12865

64. Yang, Y, Karsli–Uzunbas, G, Poillet–Perez, L, Sawant, A, Hu, ZS, Zhao, Y, et al. Autophagy promotes mammalian survival by suppressing oxidative stress and p53. Genes Dev. (2020) 34:688–700. doi: 10.1101/gad.335570.119

65. Ding, F, Gao, F, Zhang, S, Lv, X, Chen, Y, and Liu, Q. A review of the mechanism of DDIT4 serve as a mitochondrial related protein in tumor regulation. Sci Prog. (2021) 104:36850421997273. doi: 10.1177/0036850421997273

66. van der Graaf, WTA, Tesselaar, MET, McVeigh, TP, Oyen, WJG, and Fröhling, S. Biology–guided precision medicine in rare cancers: Lessons from sarcomas and neuroendocrine tumours. Semin Cancer Biol. (2022) 84:228–41. doi: 10.1016/j.semcancer.2022.05.011

67. Cheng, Z, Dai, Y, Pang, Y, Jiao, Y, Liu, Y, Cui, L, et al. Up–regulation of DDIT4 predicts poor prognosis in acute myeloid leukaemia. J Cell Mol Med. (2020) 24:1067–75. doi: 10.1111/jcmm.14831

68. Pinto, JA, Araujo, J, Cardenas, NK, Morante, Z, Doimi, F, Vidaurre, T, et al. A prognostic signature based on three–genes expression in triple–negative breast tumours with residual disease. NPJ Genom Med. (2016) 1:15015. doi: 10.1038/npjgenmed.2015.15

69. Jin, HO, Hong, SE, Kim, JY, Kim, MR, Chang, YH, Hong, YJ, et al. Induction of HSP27 and HSP70 by constitutive overexpression of Redd1 confers resistance of lung cancer cells to ionizing radiation. Oncol Rep. (2019) 41:3119–26. doi: 10.3892/or.2019.7036

70. Tirado–Hurtado, I, Fajardo, W, and Pinto, JA. DNA damage inducible transcript 4 gene: the switch of the metabolism as potential target in cancer. Front Oncol. (2018) 8:106. doi: 10.3389/fonc.2018.00106

71. Liverani, C, Bongiovanni, A, Mercatali, L, Pieri, F, Spadazzi, C, Miserocchi, G, et al. Diagnostic and predictive role of DLL3 expression in gastroenteropancreatic neuroendocrine neoplasms. Endocr Pathol. (2021) 32:309–17. doi: 10.1007/s12022-020-09657-8




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2025 Chu, Huang, Shi, Xu and Wei. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fonc-15-1551074-g004.jpg
A

Characteristics HR (95% ClI) P value
1
MAPK1 2.27067 (1-5) — — 0.0406081
i
|
1
CFH 2.33283 (1.1-5.1) :—0—| 0.0341877
|
|
1
ATG7 3.18353 (1.4-7.3) |}—e———— 0.00639
|
|
|
DDIT4 0.446545 (0.2-1) | 0.0487902
i

0 2 4 6

2 | = 1.0
C !
8 : Risk Group
® 0 . ® Low 0.9
® .  High =
x 1 o 1 el
1 < 0.8
-2 | a
J o o
4000 ° 10 a
2 ®e I = 0.7
£ 3000 ® o o o ®  Status £
© ® . ® q ° ° 90 2
= 20004°, %, i ® PO =
E :. ".. @) ... ® e 1 on 06
>
1000 ® o o0 |
n e ® ® o &. °a o o° o0
. : ". .‘b %,
DDIT4 |
ATG7 || |
crH |
MAPK1
1.0 1.0

o o o
N (o] oo

o
N
Observed fraction survival probability

Observed fraction survival probability

— 1-year
Ideal line

o
o

0.0 0.2 0.4 0.6 0.8 1.0
Nomogram predicted survival probability

I J

1 Year
0.06 1-year
— RiskScore
— All positive
0.04 — All negative

0.02

0.00

Net Benefit
Net Benefit

-0.02

-0.04

0.0

0.2 0.4 0.6 0.8
Threshold Probability

1.0

o
®

o
o

°
~

o
N

-
o

0.0

0.2

0.1

0.0

0.0

1000

0.2
Nomogram predicted survival probability

0.2

] 0 20 40 60 80 100
P0|ntS | PSS ST S YT U VW W W W W U W S AT T ST S T T ST S T W o |
MAPK1 T T T T T

5 4 3 2
CFH T T T T T T T T T T
6 5 4 3 2 1 0
ATG7 S I L B DL LR
24 2 16 12 0.8
DDIT4 (A RERRERRERER]
355575 95
T()tal Points L I e e S B e e e i e |
0 40 80 120 160
Linear Predictor A ISR B ey E e e S e s
-2.5 -1.5 -0.5 0.5 1.5 25
1-year Survival Probability
0.9 0.8 0.70.6
3-year Survival Probability
0.8 06 04 0.2
5-year Survival Probability
0.8 06 04 0.2
1.0

0.8
3
o
k= 06
=
=
@ 04
)
w
02 RiskScore
' — 1-year (AUC = 0.857)
2000 3000 4000 — 3-year (AUC = 0.779)
Time 0.0 — 5-year (AUC = 0.689)
0.0 0.2 0.4 0.6 0.8 1.0
H 1-Specificity (FPR)
3 Year 5 Year

o o e oy
EN o ™ o

Observed fraction survival probability
o
o

— 3-year

I — 5-year
Ideal line

Ideal line

=
o

0.4 0.6 0.8 1.0

0.0 0.2 0.4 0.6 0.8 1.0
Nomogram predicted survival probability

K

5 Year

5-year
— RiskScore

3 Year
3-year

— RiskScore 0.3 0
— All positive — All p03|t|\(e
— All negative — All negative

0.2

Net Benefit

0.1

0.0

0.0

0.2 0.4 0.6 0.8
Threshold Probability

1.0

0.4
Threshold Probability

0.6 0.8 1.0





OEBPS/Images/fonc-15-1551074-g002.jpg
GSE21257 After normalization

GSE21257 Before normalization

o
—

CGELESGINSO
GECLEGINSO
EEELEGNSO
LEELEGINSO
GCELEGNSO
LCELESINSO
6LELESINSO
O0LELESINSO
Y0E€LESNSO
C¢0ELESNSO
6CELESINSO
LCELESINSO
CCELESNSO
CLELEGINSO
60€LESINSO
LOELESNSO
LOELESINSO
6621 ESINSO
L6CLESINSO
G6CLESGINSO
€6CLESINSO
L6ZLESINSO
68C1ESNSO
L8CLESINSO
G8CLEGNSO
€8CLESINSO
L990€SNSO

CGELEGNSO
GECLEGNSO
EECLEGNSO
LEELESINSDO
GCELESINSO
LZELESINSO
6LELESNSO
O0LELESINSO
YOELESNSO
CO€LESNSO
6CELESINSO
LCELESNSO
CCELEGINSO
CLELESNSO
60€LESNSO
LOELESNSO
LOELESINSDO
66Z1ESINSO
L6CLESNSO
G6CLESNSO
€6C1ESINSO
L6CLESINSO
68C1ESINSO
L8CLESINSO
G8CLESGNSO
€8CLESNSO
L990€SINSO

® Up ® Notsig ® Down

NETRGs

DEGs

(ebuey) pjo) ¢6o

243

s

1053

5000 10000 15000 20000

Rank of differentially expressed genes

0

Log, (Fold Change)





OEBPS/Images/fonc-15-1551074-g006.jpg
correlation

*p<0.05
p <0.01

Correlation

[ ] 1190 Jadjay | | odAL
. 1190 | AlojeinBay
jydoneN

S||@d0 |

1190 1 1311 [eameN

1190 JoI [einieN

a1Ko0uopy

1190 g Alows\

SlI®9 MN

OSan

afeydosoepy

190 O1IPpUSP BINJeLIW|

1190 g ainjewiw|

s|iydosinaN

1199 | Bjjop ewwes

1190 1 8D Kiowaw 10108413

. 1199 1 8QD Alowaw |enjua)d

1199 1 +aD Alowsw [enue)
S —— |00 onLpusp plojeAN
1199 Jayipy [eanyeu JyBLG9SaD
1190 olIpuUSP pajeAloY

1189 1 8AD pajenoy

1190 g pajenoy

abeaul| onAoouoy

DDIT4
CFH

sise|qoidid

199 1 Jo|ipf [eInyeN
1199 3113 [BINjEN

OSaW s|je0 [eleuiopus

1199 1seN
abeydosoep

sajhooydwA| 01x0)0}AD

x | 1190 g Atowapy S|192 1 8AD

[190 g ainjewiw|
[199 | E}9p ewwes)
[199 1 8aD Alowasw Jojoay]
[199 1 a9 AJowsw J0joay]
1180 1 @D Asowsw |esus)
x | . E L k| 1190 1 @D Aowsw |enus)
e (% * : 1189 1 8dD PajeAlldy
| 1190 1 @D paleAldy

abeaul| g

R R EEEEEEEEEEEEEE RN SRR
© O 0O 00000000 o000 o000 o0gago go® x>0 04a o0
OFFFFFFFFDODDOF 55 5 5255285322052 08 N Al L b=
d484848aeN,N,pppp.nmm.&.noaMnmr.w..m — LL o
2000000 % 55§50 ¢ 660 =220T g5 = 22 aos o =) O =
TO0000O0FFeEFTESESS5ssl 58 T2 Z5 < a) <
£ P3P ocee2e e @>SsghkH-FHD 55 T = S ® © =
EL2L8S 000 EEZTPToNNTHFE o S S el
S 8 £ E E E g = x 2 @5 o0 8 c c 5 Z R o
SZ3EEEEO 2xrepz5E 8 8

T TS5 5 - F 258 E =

- b D u Ab5 =

€ € 9 9 © A %

o o 2 Q2 20 I

O O W w IS o





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        NETs-related genes predict prognosis and are correlated with the immune microenvironment in osteosarcoma

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          1 Introduction

        



        		

          2 Data and methods

        

          		

            2.1 Materials

          



          		

            2.2 Methods

          

            		

              2.2.1 Data collection and processing

            



            		

              2.2.2 GSEA and GO analysis

            



            		

              2.2.3 Construction and validation of the nomogram model

            



            		

              2.2.4 Immune infiltration and drug sensitivity analysis

            



            		

              2.2.5 Immunohistochemical analysis

            



            		

              2.2.6 Statistical analysis

            



          



          



        



        



        		

          3 Results

        

          		

            3.1 Standardization of the dataset and screening results of NETRDEGs

          



          		

            3.2 GSEA and GO analysis

          



          		

            3.3 Construction of a prognostic model and establishment of a nomogram

          



          		

            3.4 Prognostic analysis of key genes in the training group

          



          		

            3.5 Analysis of immune cell infiltration

          



          		

            3.6 Drug sensitivity analysis and immunohistochemical analysis

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Generative AI statement

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc.2025.1551074_cover.jpg
& frontiers | Frontiers in Oncology

NETs-related genes predict prognosis
and are correlated with the immune
microenvironment in osteosarcoma





OEBPS/Images/fonc-15-1551074-g003.jpg
A
circadian rhythm
response to hypoxia
regulation of cellular response to hypoxia
autophagy of nucleus P adi
d.OS

vesicle lumen
cytoplasmic vesicle lumen
secretory granule lumen

collagen trimer

Q
-
heparin binding O 20
proteoglycan binding

=
heparan sulfate proteoglycan binding

oligosaccharide binding

0.10 0.15

GeneRatio

0.20

D

NES =1.877
P value < 0.001

Glycolysis and Gluconeogenesis

NES =1.623

Autophagy P value = 0.012

IL7 Pathway

Whnt Signaling Pathway

Pi3kakt Signaling Pathway

()

IL7 pathway
NES =-11423

o P value = 0.007
Q
O
(7}
T
(]
S
ey
O
c
I}

. O T I

o 2

E 1

% 0

2 -1

g 2

e

0 5000
Rank in Ordered Dataset

10000 15000

regulation of cellular response to hypoxia -

heparan sulfate proteoglycan binding

m

Enrichment Score

©,
~

0.2

0.0

Ranked list metric

L

Enrichment Score

Ranked list metric

1
0O =N

1
N

11
N =20-N

0 5000

0 5000
Rank in Ordered Dataset

circadian rhythm

autophagy of nucleus

response to hypoxia

collagen trimer
vesicle lumen
cytoplasmic vesicle lumen

secretory granule lumen

oligosaccharide binding
proteoglycan binding
heparin binding

0.0 0.5 1.0 1.5 20 25
—Log4q (Padj)

Glycolysis pathway

NES =1.877
P value < 0.001

10000
Rank in Ordered Dataset

15000

Whnt signaling pathway

NES = -1.403
P value = 0.009

LWL TV R R

10000 15000

Enrichment Score

Ranked list metric

Enrichment Score

Ranked list metric

0.0

o - N

0 5000

0 5000

2

autophagy of nucleus

'Y

regulation of cellular response to hypoxia

]

response to hypoxia

circadian rhythm

@

secretory granule lumen .

cytoplasmic vesicle lumen .

vesicle lumen

collagen trimer
oligosaccharide binding

heparan sulfate proteoglycan binding

proteoglycan binding  heparin binding ‘

Autophagy pathway

NES = 1.623
P value = 0.012

10000
Rank in Ordered Dataset

15000

PI3K/Akt signalling pathway

NES = -1.440
P value = 0.001

110 T T

10000 15000
Rank in Ordered Dataset





OEBPS/Images/logo.jpg
& frontiers | Frontiers in Oncology





OEBPS/Images/M1.jpg





OEBPS/Images/fonc-15-1551074-g001.jpg
Dataset TARGET-OS Dataset GSE21257

DEGs j’ NETRGs GSEA

GO -~ NETRDEGs Expression difference analysis
!
Univariate/Multivariate Cox analysis Immunohistochemistry
J,
ROC analysis <+— Key genes
1 1
Cox proportional-hazards mode Immune analysis ssGSEA Drug sensitivity analysis

l

Nomogram — Clibration analysis — DCA analysis





OEBPS/Images/fonc-15-1551074-g005.jpg
Survival probability

MAPK1

CFH

ATG7 DDIT4

MAPK1 CFH ATG7
1.00

=k High—expression

DDIT4

1.00 1.00

=k- High—expression =4 High-expression =4 High-expression

=k= | ow-expression == | ow-expression == | ow-expression == |Low-expression

0.75 £0.75 £0.75 2075
5 ol ol
® ® ®©
o) Ko} o)
O o o
0.50 S 0.50 & 0.50 S 0.50
S 2 g
|2 2 2
0.25 & 0.25 @ 0.25 @ 0.25
0.00 0.00 0.00 0.00
0 1000 2000 3000 4000 0 1000 2000 3000 4000 0 1000 2000 3000 4000 0 1000 2000 3000 4000
Time Time Time Time

F G

MAPK1

ATG7

CFH

DDIT4

Metastases
Unmetastases

O

ATGT7 MAPK1

DDIT4 CFH

CFH

0.4 0.5 0.6 0.7

ATG7
DDIT4

ATG7 DDIT4

I J K

MAPK1

CFH ATG7 MAPK1 DDIT4
o o | o | o
[ee] o0} [o0] [e0]
= o PN > 3 z 3
s = s s
Q [0] s <
@ o AUC: 0.711 @ AUC: 0.695 @57 AUC: 0.680 235 AUC: 0.651
N N N N
a S N y
o o o | o
o o | o o
l I I T T I I I I T I T
1.0 0.8 0.6 0.4 0.2 0.0 1.0 0.8 06 0.4 0.2 0.0 1.0 08 06 04 02 00 1.0 0.8 06 0.4 02 0.0

Specificity Specificity Specificity Specificity





OEBPS/Images/table1.jpg
TARGET-OS GSE21257

Platform TARGET GPL10295
Species Homo sapiens Homo sapiens
. Osteosarcoma Osteosarcoma
Tissue . .
tumor tissues tumor tissues
S les i
amples in 3 19
unmetastases group
les i
Samples in 21 34

metastases group

OS, osteosarcoma; GEO, Gene Expression Omnibus.






OEBPS/Images/fonc-15-1551074-g007.jpg
Compound

6-CHLORO-2-METHOXY-9-[(5-PIPERIDINOPENTYL)AMINOJACRIDINE

MAPK1

pyrazino[1,2—a]benzimidazole, 1,3-diphenyl--
protein toxin ¢ 10 — mw approx. 6700+

GSE21257

CFH ATG7

1,2,4,5-tetrazine, 3,6—bis(1-azetidinyl)—

DDIT4

Unmetastases

Metastases
Unmetastases

Metastases

CellMiner
zimelidine hydrochloride 1 o
tardolytq °
sri 12157 © ® ® Correlation
¢ 0.50
O 0.25
p—fUChSin' o 000
okadaic acid+ ° -0.25
kinetin riboside 1 O -0.50
cardiac glycoside o
Benzethonium Chloride @ ° —19g2(FDR)
antineoplastic—131513+ 4] ) : ?O
12
6-benzylthioinosine o ®
5,6-ethylenediquino[3,2-b+ ] ®
@
A > &
< & S Q
v'$ &) Qo &V’
Hub gene






