[image: image1]Ferroptosis-Related Gene Signature Predicts the Prognosis of Skin Cutaneous Melanoma and Response to Immunotherapy

		ORIGINAL RESEARCH
published: 03 November 2021
doi: 10.3389/fgene.2021.758981


[image: image2]
Ferroptosis-Related Gene Signature Predicts the Prognosis of Skin Cutaneous Melanoma and Response to Immunotherapy
Ziqian Xu1†, Yihui Xie1†, Yaqi Mao1, Juntao Huang2, Xingyu Mei1, Jun Song1, Yue Sun1, Zhixian Yao3* and Weimin Shi1*
1Department of Dermatology, Shanghai General Hospital, Shanghai Jiao Tong University School of Medicine, Shanghai, China
2Department of Otolaryngology Head and Neck Surgery, Ningbo Medical Center (Ningbo Lihuili Hospital), The Affiliated Lihuili Hospital of Ningbo University, Ningbo, China
3Department of Urology, Shanghai General Hospital, Shanghai Jiao Tong University School of Medicine, Shanghai, China
Edited by:
Farhad Maleki, McGill University, Canada
Reviewed by:
Yun Hak Kim, Pusan National University, South Korea
Haider H. Dar, University of Pittsburgh, United States
* Correspondence: Zhixian Yao, yzxbrooklyn@sjtu.edu.cn; Weimin Shi, swm666042@163.com
†These authors have contributed equally to this work
Specialty section: This article was submitted to Computational Genomics, a section of the journal Frontiers in Genetics
Received: 15 August 2021
Accepted: 14 October 2021
Published: 03 November 2021
Citation: Xu Z, Xie Y, Mao Y, Huang J, Mei X, Song J, Sun Y, Yao Z and Shi W (2021) Ferroptosis-Related Gene Signature Predicts the Prognosis of Skin Cutaneous Melanoma and Response to Immunotherapy. Front. Genet. 12:758981. doi: 10.3389/fgene.2021.758981

Ferroptosis is a non-apoptotic regulated cell death process, and much research has indicated that ferroptosis can induce the non-apoptotic death of tumor cells. Ferroptosis-related genes are expected to become a biological target for cancer treatment. However, the regulation of ferroptosis-related genes in skin cutaneous melanoma (SKCM) has not been well studied. In the present study, we conducted a systematic analysis of SKCM based on RNA sequencing data and clinical data obtained from The Cancer Genome Atlas (TCGA) database and the FerrD database. SKCM patients from the GSE78220 and MSKCC cohorts were used for external validation. Applying consensus clustering on RNA sequencing data from TCGA the generated ferroptosis subclasses of SKCM, which were analyzed based on the set of differentially expressed ferroptosis-related genes. Then, a least absolute shrinkage and selection operator (LASSO)-Cox regression was used to construct an eight gene survival-related linear signature. The median cut-off risk score was used to divide patients into high- and low-risk groups. The time-dependent receiver operating characteristic curve was used to examine the predictive power of the model. The areas under the curve of the signature at 1, 3, and 5 years were 0.673, 0.716, and 0.746, respectively. Kaplan-Meier survival analysis showed that the prognosis of high-risk patients was worse than that of low-risk patients. Univariate and multivariate Cox regression analyses showed that the risk signature was a robust independent prognostic indicator. By incorporating risk scores with tumor staging, a nomogram was constructed to predict prognostic outcomes for SKCM patients. In addition, the immunological analysis showed different immune cell infiltration patterns. Programmed-death-1 (PD-1) immunotherapy showed more significant benefits in the low-risk group than in the high-risk group. In summary, a model based on ferroptosis-related genes can predict the prognosis of SKCM and could have a potential role in guiding targeted therapy of SKCM.
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INTRODUCTION
Human skin cutaneous melanoma (SKCM) is a highly malignant tumor derived from melanocytes, that is prone to occur in adults. The mortality rate of melanoma is up to 75% (Davis et al., 2019). Early-stage, localized melanoma can be curable if appropriate and sufficient treatment is administered (Coit et al., 2013) ; however, the tumor tends to metastasize and spread to other parts of the body (Aris and Barrio, 2015), once metastasized, the 5-years survival rate decreases to only 15% (Coit et al., 2013). SKCM is now the third most commonly diagnosed cancer in the United States, with an estimated 192,000 new cases in 2019. The incidence is six times higher than 40 years ago (Welch et al., 2021). Surgical resection is associated with a satisfactory prognosis for melanoma in the early stages, while treatment of metastatic melanoma mainly relies on immunotherapy (Leonardi et al., 2020). Many studies have explored the relationship between cancer cells, the tumor microenvironment (TME), and the immune system. However, not all treatments that block immune suppression control points are effective for all patients (Rodríguez-Cerdeira et al., 2017). Therefore, identifying robust predictive biomarkers for both clinical prognosis and treatment response is essential.
In recent years, tumor ferroptosis has gathered much interest. Iron is involved in many biochemical processes in the human body, including oxygen transport, various biosyntheses, and the electron transport chain (as a cofactor), playing crucial roles in cell survival (Bogdan et al., 2016). In mitochondrial oxidative phosphorylation, cells produce reactive oxygen species (ROS) while generating ATP. Excessive ROS levels will lead to oxidative stress, directly or indirectly damaging macromolecules, such as proteins, nucleic acids, and lipids, leading to cell damage or death (Yu et al., 2017). Ferroptosis is an iron-dependent form of programmed cell death, which differs from apoptosis, cell necrosis, and autophagy.
The mechanism of ferroptosis is based on influencing iron metabolism in cells, resulting in intracellular ROS production and excessive oxidation of polyunsaturated fatty acids (Dixon et al., 2012; Battaglia et al., 2020). Ferroptosis is mainly regulated by system XC− and glutathione peroxidase 4(GPX4). System XC− is a Na+-dependent cysteine—glutamic acid exchange transporter in the membrane, which completes the intracellular and extracellular glutamate—cysteine exchange (Sato et al., 1999; Bridges et al., 2012). Cell uptake of cysteine is a crucial step in glutathione (GSH) synthesis, and the generation and maintenance of GSH is the key to protecting cells from ROS damage (Yu et al., 2017). GPX4 is an enzyme that decomposes H2O2 and organic peroxides into water or the corresponding alcohols, and GSH is an indispensable cofactor in its activation (Ursini et al., 1995). The ferroptosis inducers, erastin and buthionine sulfoximine, reduce the activity of GPX4 and increase the level of ROS in the cytoplasm and lipid (Yang et al., 2014), leading to cell ferroptosis. Ferroptosis is considered as an adaptive process to eliminate malignant cells damaged by nutrient deficiency, infection, or other stress from the body (Mou et al., 2019). A number of studies have demonstrated that ferroptosis plays a role in ischemia-reperfusion injury, cancer, and other diseases. At present, sorafenib and other ferroptosis inducers are used for the treatment of cancer in clinical practice (Fearnhead et al., 2017).
Non-cellular components in the TME may reprogram tumor initiation and invasiveness, but the relationship between iron metabolism and TME is still unclear (Sacco et al., 2021). Tumor-associated macrophages loaded with iron can promote the production of ROS and pro-inflammatory cytokines (tumor necrosis factor-α and interleukin-6), thereby inducing tumor cell death in lung cancer (Costa da Silva et al., 2017). Moreover, new evidence suggests that immune checkpoint blockade decreases tumor growth in a ferroptosis-dependent manner in animal models (Tang et al., 2020), which is considered to be related to antitumor immunity. In addition, the immunotherapy-activated CD8+ T lymphocytes induce ferroptosis in cancer cells by downregulating genes (SLC7A11 and SLC3A2) that encode two subunits of the XC− system, and the molecular basis behind this phenomenon may be related to interferon (IFN)-γ-mediated transcriptional repression of SLC7A11 and SLC3A2 (Wang et al., 2019). Consequently, identifying biomarkers of iron metabolism within the TME may aid the development of effective cancer treatment strategies.
Focusing on melanoma, many studies have found ferroptosis regulators, as well as traditional ferroptosis-inducing agents. It was found that miR-9 reduced erastin- and RSL3-induced ferroptosis in melanoma cells, and knockout of miR-9 could cause ferroptosis in melanoma cells (Zhang et al., 2018). In addition, the inactivation of miR-137 enhances the anti-melanoma activity of erastin by increasing ferroptosis (Luo et al., 2018). However, it is still unknown whether ferroptosis-related genes are related to the prognosis of SKCM patients.
In the present study, we conducted a comprehensive analysis based on transcript and clinical data obtained from The Cancer Genome Atlas (TCGA) and the FerrD databases. We constructed a predictive model on account of eight ferroptosis-related genes. The model can be regarded as an independent predictor of overall survival (OS) of SKCM. A nomogram was established to further explore the prognosis of SKCM based on risk score and tumor stage. Furthermore, we analyzed the mutational differences of ferroptosis-related genes in high-risk and low-risk groups and the associations between the ferroptosis-related risk score and immune cell infiltration patterns and immunotherapy. External validation cohorts were used to verify the ferroptosis-related risk score predicting the response to immunotherapy of the two subgroups.
MATERIALS AND METHODS
Data Collection
The RNA-sequencing (RNA-Seq) and genomic data for SKCM were downloaded from UCSC Xena (http: //xenabrowser.net/), and the clinical data were downloaded via the R package “TCGAbiolinks”. The samples were screened to retain those, including survival status and survival time. A total of 457 samples were obtained. Ferroptosis-related genes were downloaded from the FerrDb database (www.zhounan.org/ferrdb/operations/download.html) and published literature (Liang et al., 2020) and merged. Thus, 268 ferroptosis-related genes were obtained in the analysis (Supplementary Table S1), from which an expression matrix of the ferroptosis-related genes in the SKCM RNA-Seq data was obtained as a candidate gene set expression matrix.
Additionally, the gene expression profile and clinical data of the two independent cohorts was obtained, GSE78220 (Snyder et al., 2014), from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) and MSKCC cohorts (Newman et al., 2015), from cbioportal (http://www.cbioportal.org/study/summary?id=skcm_mskcc_2014). These two independent cohorts were used as the external validation cohorts.
SKCM Subclass Identification
The R package “ConsensusClusterPlus” was used to apply consensus clustering analysis to the candidate gene set and to classify results by dividing the samples into two clusters. Survival analysis showed that the prognosis based on the two clusters was significantly different (p < 0.001). The differences in ferroptosis-related genes between the two clusters were analyzed using R package “DESeq2” (p < 0.05 and |logFC| > 0.5). There were 116 differentially expressed genes (DEGs) identified as a new candidate gene set, containing 63 downregulated genes and 53 upregulated genes. Subsequently, the DEGs were annotated by gene ontology (GO) and using Kyoto Encyclopedia of Genes and Genomes (KEGG) data in R package “clusterProfiler”. Finally, univariate cox regression analysis was performed on the 116 DEGs (p ≤ 0.01), for which a total of 28 prognostic-related genes were identified for further analysis.
Construction and Validation of a Ferroptosis-Related Risk Signature
Using the R package “survival”, univariate Cox regression analysis was performed on the prognostic-related genes, where p ≤ 0.001 was regarded as statistically significant. The least absolute shrinkage and selection operator (LASSO) method was used to eliminate overfitting with the R package “glmnet”. Then, multivariate Cox regression was used to select the independent prognostic factors. Meanwhile, the correlation coefficients of these genes were calculated. Using the these genes and corresponding correlation coefficients, a prognosis-related model was constructed. Then, the samples were divided into high-risk and low-risk groups by the median of the risk scores. The receiver operating characteristic (ROC) curve was used to evaluate the survival prediction ability of the model, and the Kaplan–Meier (K-M) method was used to analyze the survival difference between the two risk subgroups. Next, a nomogram was constructed based on the prognostic signature using R package “RMS”, and a calibration plot was drawn to evaluate the consistency between the prognostic model’s actual and predicted survival rates.
Analysis of Somatic Mutation and Immunotherapy Differences Between High- and Low-Risk Groups
“CIBERSORT” (Wilkerson and Hayes, 2010) in R software was used to analyze the differences in immune cells infiltration between high- and low-risk groups. Meanwhile, the correlation between immune cells and risk score was analyzed. Concomitantly, the difference in response to PD-1 immunotherapy between high- and low-risk groups was verified in GSE78220 and MSKCC cohorts. The mutation differences of ferroptosis-related genes in high- and low-risk groups were analyzed using the R package “maftools”.
Statistical Analysis
Student’s t-tests and Wilcoxon rank-sum tests were used to compare the differences between the high- and low-risk groups. The Kruskal-Wallis test was used for comparisons of prognoses between groups. The K-M method was used to generate survival curves for the subgroups in each data set. The log-rank test determines the statistical significance of differences. Univariate and multivariate Cox regression analyses were applied to define independent prognostic-related factors. The ROC curve was visualized using the R package “pROC”, and the areas under the curve (AUC) and confidence intervals were calculated to evaluate the model’s accuracy in predicting prognosis. All statistical analyzses were performed using SPSS (version 23.0) and R software (version 3.6.1). For each analysis, statistical significance was set at p < 0.05.
RESULTS
Identifying Two Subtypes and Their Distinct Ferroptosis Patterns
To describe our research systematically and comprehensively, a flow chart is shown in Figure 1A. After filtering out normal samples and samples without survival data, we obtained 457 gene expression profiles of SKCM samples from the TCGA dataset. From the FerrDb database and previous literature, 268 ferroptosis-related genes were identified. A total of 84 ferroptosis-related genes were selected. Consensus clustering (CC) was used to divide melanoma samples into two clusters (cluster 1 and cluster 2). In cancer research, unsupervised class discovery classifies intrinsic populations with common biological characteristics, which may exist but are unknown. The CC method is a type of unsupervised class discovery, which provides quantitative and visual stability evidence for estimating the number in a dataset (Wilkerson and Hayes, 2010). After CC, the optimal total cluster number was set to k = 2 (the two subclasses were designated as cluster 1 and cluster 2). When k = 2, the consensus matrix heat map maintained the clearest cluster partition, indicating the clustering having the highest consensus (Figure 1B; Supplementary Figure S1A–C). The k value determined by a cumulative density function (CDF) plot means maximum stability, at which the distribution reaches an approximate maximum (Supplementary Figure S1D). The survival curve showed a significant difference between cluster 1 and cluster 2 (Figure 1C). The gene expression heat map shows the expression of ferroptosis-related genes between the two clusters (Figure 1D).
[image: Figure 1]FIGURE 1 | Identification of melanoma subtypes using consensus clustering in the ferroptosis set. (A) Flow chart of the study. (B) Consensus clustering applied on 268 ferroptosis-related genes. Samples were divided into cluster 1 and cluster 2. (C) Survival analysis of samples in Clusters 1 and 2 in TCGA cohort. (D) Heat map of ferroptosis-related genes expression in different clusters.
We then analyzed the differences in the expression of ferroptosis-related genes between the two clusters and identified 116 DEGs. GO enrichment and KEGG pathway analyses were performed on the DEGs to help clarify the related biological functions and pathways of the ferroptosis-related genes. The most abundant biological processes (BP) involved include response to oxidative stress, cellular response to chemical stress, cellular response to oxidative stress, response to nutrient levels, cellular response to metal ions, ROS metabolic process, multicellular organismal homeostasis, response to reactive oxygen species, and cellular response to extracellular stimulus (Supplementary Figure S2A). In terms of molecular functions (MF), the DEGs were mainly enriched in iron ion binding and oxidoreductase activity (Supplementary Figure S2B). The main cellular component terminologies identified were protein kinase complex, autophagosome, phagophore assembly site, secondary lysosome, nucleotide-activated protein kinase complex, and promyelocytic leukemia nuclear (PML) body (Supplementary Figure S2C). Interestingly, KEGG enriched ferroptosis and some tumorigenesis-related pathways, such as melanoma (Supplementary Figure S2D). Thus, these findings indicate that the occurrence of ferroptosis is related to tumorigenesis.
Discovering Ferroptosis-Related Genes With the Most Significant Prognostic Values
Next, the prognostic effect of ferroptosis-related genes in SKCM was examined. Among the SKCM patients in the expression matrix of the previous candidate gene set, 28 prognostic-related genes were selected through the univariate Cox regression analysis (p < 0.001) for further analysis (Supplementary Figure S3). There was a statistically significant difference in the expression of prognostic-related factors between the two clusters, where ACSL1 ALOXS ARNTL CTBB FLT3 GCH1 IFNG IL33 TLR4, and ZEB1 were strongly significantly different (p ≤ 0.001) (Supplementary Figure S3A). Overall, prognostic-related factors impact on the survival and prognosis in the two clusters, especially GCH1 CTBB TLR4 ALOX5 FLT3, and IFNG (p < 0.0001) (Supplementary Figure S3B).
Construction of Predictive Utility Evaluation of the Ferroptosis-Related Gene Signature
We then performed LASSO regression analysis to establish an optimal survival-related linear risk assessment model (Figures 2A–C), which included eight genes. The purpose of LASSO regression analysis is to minimize the risk of overfitting. The risk scores of samples were calculated from regression coefficients generated by multivariate Cox regression analysis.
[image: Figure 2]FIGURE 2 | Discovering ferroptosis-related genes with the most significant prognostic values. (A) Univariate Cox Analysis of the candidate ferroptosis-related gene set. (B) Cross-validation for tuning parameter selection in the proportional hazards model. (C) Lasso coefficient spectrum of ferroptosis-related genes related to prognosis in SKCM.
Through the further screening, eight genes were finally selected, where the formula for calculating the risk score was as follows: risk score = [CHAC1 × 0.125855936071576 + CS × 0.560660638020698 + PML × (−0.30765625698674) + GCH1 × (−0.308787668222114) + TFAP2C × (−0.110257841756473) + NOX4 × (−0.06854182999606) + ALOX12B × 0.107841778270567 + GPX × 0.125495051893846]
The results obtained were used to stratify patients into low-risk (n = 228) and high-risk (n = 228) groups based on the median risk score. Clinical information for samples is shown in Table 1. We then evaluated the predictive utility of the ferroptosis-related gene signature. The K-M analysis showed that the high-risk group had a worse survival probability than the low-risk group in the TCGA cohort (Figure 3A). ROC curves were used to evaluate the sensitivity of the risk model prediction, showing AUCs in the TCGA cohort for 1, 3, and 5 years, which were 0.673, 0.716, and 0.746, respectively (Figure 3B). GSE78220 and MSKCC cohorts were used to verify the validation of TGGA database risk scores. K-M survival analysis indicated that the low-risk subgroup had better overall survival (Figures 3C,D; Table 2, 3). Univariate and multivariate Cox regression analyses were performed on the TCGA cohort to test whether the eight-gene signature was a suitable independent prognostic indicator. Univariate Cox regression revealed that high-risk scores, T stage, N stage, and age were associated with poor survival prognosis (p < 0.001; Figure 3E). Through multivariate Cox regression, T stage, N stage, and risk score were independent predictors of melanoma (p < 0.05; Figure 3F). The patients were ranked from left to right according to the increasing risk scores, and a scatter plot shows the distribution of patients according to their risk scores (Figure 3G). A heat map presented differentially expressed ferroptosis-related genes between the high-risk and low-risk groups (Figure 3H).
TABLE 1 | Characteristics of patients in low- and high-risk scores in TGGA cohort.
[image: Table 1][image: Figure 3]FIGURE 3 | Prognostic significance of the ferroptosis-related gene signature derived risk scores in TGGA cohort. (A) Kaplan-Meier analysis of melanoma patients was stratified by median risk score in TCGA cohort. (B) Receiver operating characteristic (ROC) curve of risk score signature. (C, D) Kaplan-Meier analysis of melanoma patients was stratified by median risk score in GSE78220 cohort (C) and MSKCC cohort (D). (E, F) Univariate and multivariate Cox regression analysis showed the predictive utility of the risk-score signature possesses excellent prognostic independence. (G) The curve shows the distribution of patient risk scores, survival status, and survival time. (H) Heatmap shows the expression of each gene in the risk-score signature.
TABLE 2 | Characteristics of patients in low- and high-risk scores in GSE78220 cohort.
[image: Table 2]TABLE 3 | Characteristics of patients in low- and high-risk scores in MSKCC cohort.
[image: Table 3]Incorporating Ferroptosis Risk Scores into the Nomogram and Validation of its Clinical Benefit
Subsequently, a nomogram was created, which predicted the probability of specific clinical outcomes or events based on the values of multiple variables. The factors for the establishment of the nomogram included the risk scores and tumor stages. In the nomogram, columnar height represents the distribution and number of patients. For instance, for a patient in the high-risk group, the tumor stage was N0 and T4, and their total score was 1.93. The probability of their survival time being <1 year was 0.091, <3 years was 0.473, and <5 years was 0.645 (Figure 4A). The ROC curve indicates that the N-stage, T-stage, and risk scores result in better predictions than other clinical futures (Figure 4B). The calculated C index was 0.70. The calibration curve results for the 1-, 3-, and 5-years survival rates showed that the predicted survival rate was closely related to the actual rate (Figure 4C).
[image: Figure 4]FIGURE 4 | The nomogram shows the impact of various clinical features on survival prognosis in melanoma. (A) A nomogram of the melanoma cohort used to indicate the clinical information and overall survival. (B) ROC curve of clinical features. (C) Calibration maps used to predict the 1, 3, and 5-years survival. The x-axis and y-axis represent the expected and actual survival rates of the nomogram. The solid line represents the predicted nomogram, and the vertical line represents the 95% confidence interval.
Associations Between the Ferroptosis-Related Risk Scores and Immune Cell Infiltration Patterns and Immunotherapy
We analyzed the difference in immune infiltration between high-risk and low-risk groups. In addition, the correlation between immune cells and model genes or risk scores were analyzed. The results showed that 12 of the 22 immune cells had significantly difference in the proportion between the high-risk and low-risk groups. Macrophages M0 and M2, mast cells, monocytes, and CD4+ T cells accounted for a relatively high proportion of cells in the high-risk group. In contrast, B-native cells, macrophages M1, and CD8+ cells accounted for a relatively high proportion of cells in the low-risk group, indicating a correlation between the prognosis difference of risk score and the immune infiltration of cancer tissue (Figure 5A). Subsequently, the correlation between immune cells and model genes was analyzed. The results showed that the expression of GCH1 significantly correlated with macrophage M1 cells, CD8+ T cells, and activated CD4+ memory T cells (Figure 5B). The correlation analysis between immune cell infiltration patterns and risk scores showed a specific correlation between risk scores and dendritic cells (Figure 5C).
[image: Figure 5]FIGURE 5 | Immune correlation analysis between high-risk and low-risk groups and Comparison of rick scores and chemotherapy drug therapeutic effect. (A) The immune infiltration analysis between risk groups. (B) The correlation analysis between immune cells and 8 ferroptosis-related genes (ns: not significant, *: p ≤ 0.05, **: p ≤ 0.01; ***: p ≤ 0.001). (C) The correlation analysis between risk score and dendritic cells. (D) The distribution of the drug response of samples in the high-risk group and low-risk group in GSE78220 cohort. (E) The distribution of the drug response of samples in the high-risk group and low-risk group in MSKCC cohort.
Then, we analyzed the relationship between risk score and response to immunotherapy in the external validation cohorts, to further evaluate the effect of immunotherapy further. In both independent cohorts, complete response (CR) or partial response (PR) to immunotherapy drugs accounted for more samples in the low-risk group than in the high-risk group. Almost all the samples in the high-risk group responded to PD-1 chemotherapeutic drugs with progressive disease (PD)/stable disease (SD), especially in the MSKCC cohort, indicating that the low-risk group received more benefits in terms of the risk score than the high-risk group (Figures 5D,E).
The Relationship Between Ferroptosis-Related Risk Scores and Somatic Mutations
In addition, mutational differences in the ferroptosis-related genes between the high-risk group and low-risk group were analyzed. Figure 6 shows the top 20 genes in terms of ferroptosis-related gene mutations; ALB and ABCC1 had the highest mutation rates in both the high- and low-risk groups.
[image: Figure 6]FIGURE 6 | Ferroptosis mutation map. (A, B) The top 20 mutated genes in high-risk group (A) and in low-risk group (B).
DISCUSSION
Cell death depends on special regulated molecular mechanisms regulation called regulated cell death (RCD) (Galluzzi et al., 2018). Modern medical researches uses these unique biological processes to treat cancer by allowing cancer cells to die, relying on dedicated molecular machinery pharmacologically or genetically. Caspase-dependent apoptosis is a generally recognized RCD process against cancer (Liang et al., 2019). However, tumor cells have the characteristics of resistance to apoptosis, and drug resistance will also occur in the process of chemotherapy-induced apoptosis of cancer (Gottesman et al., 2002). Therefore, it is necessary to find some new forms of RCD to develop anticancer drugs.
Ferroptosis is an iron-dependent form of RCD characterized by the overwhelming accumulation of lethal lipid peroxidation; it is different from apoptosis, necrosis, and autophagy (Dixon et al., 2012). Ferroptosis can be triggered by exogenous small molecules (such as erastin, sorafenib, or sulfasalazine) or regulating physiological conditions (such as the high extracellular glutamate concentration) to block the XC− system. Other ferroptosis inducers can directly inhibit GPX4, ultimately leading to lipid peroxide accumulation (Liang et al., 2019). Increasing oxidizable polyunsaturated phospholipids or interfering with the iron balance to destroy the balance of lipid metabolism balance can also sensitize cells to ferroptosis, Strong iron dependence can make cancer cells more susceptible to iron overload and ROS accumulation, enabling tumor microenvironment-targeted, ferroptosis-mediated cancer therapy (Vigil et al., 2010; Hassannia et al., 2019). Studies have found that clear cell carcinomas, highly aggressive malignancies, are usually not susceptible to conventional anticancer treatment. However, their unique metabolic state has been identified to be susceptible to ferroptosis (Zou et al., 2019). In addition, a large number of studies have confirmed the crucial role of ferroptosis in inducing cancer cells death and inhibiting tumor growth. The metabolic status of breast cancer, liver cancer, colorectal cancer, and other malignant tumors is closely related to ferroptosis (Sun et al., 2015). However, most current studies focus on the role of iron metabolism in cancer occurrence and treatment, and the relationship between genes related to ferroptosis and cancer prognosis remains to be explored.
Melanoma cells have a highly mutagenic nature and an immune escape mechanism (Davis et al., 2019), including downregulation of the expression of tumor-associated antigens and melanoma differentiation antigens to inhibit cytotoxic T cell recognition and clearance of tumor cells and secretion of immune inhibitory molecules such as transforming growth factor-beta (TGF-β) and prostaglandin E2 to escape immunity (Palmer et al., 2011; Pitcovski et al., 2017). In addition, melanoma can close the immune response by expressing programmed cell death protein 1/2 (PD-1/2) to avoid immune destruction (Passarelli et al., 2017). So far, the most effective treatment for metastatic melanoma is immune checkpoint inhibitors, such as anti-PD1, PD-L1/2, and CTLA4 antibodies. Still, the complications of these treatments are serious, and many of patients have inadequate treatment responses. So, the combination of ferroptosis and immunotherapy may have good prospects for melanoma therapy. Studies have found that immunotherapy activated CD8+ T cells enhance iron-specific lipid peroxidation in tumor cells, and increased ferroptosis contributes to the antitumor effect of immunotherapy (Wang et al., 2019, 8). At present, the relationship between ferroptosis and tumor immunotherapy is still not very clear. Nevertheless, the establishment of some prognostic signatures can be established that use the ferroptosis-related genes to evaluate different tumor immune characteristics to guide individualized immunotherapy (Zhuo et al., 2020; Jiang et al., 2021).
This study found that the ferroptosis-related genes can classify melanoma patients into two classes that exhibit significant differences in clinical and molecular features. Patients were classified into high-risk and low-risk groups by LASSO regression analysis. We established a prognostic model based on eight genes, which were composed of the risk-related genes (CHAC1, CS, GPX2, and ALOX12B) and the protective genes (PML, GCH1, TFAP2C, and NOX4). The GCH1-BH4 pathway is a new pathway that is independent of the GPX4/glutathione system and regulates ferroptosis. GCH1 is a rate-limiting enzyme for the synthesis of tetrahydrobiopterin. Overexpression of GCH1 can eliminate lipid peroxidation and almost completely inhibit ferroptosis (Wei et al., 2020). In high-grade serous ovarian cancers, due to the silencing of PML, ROS content, lipid peroxidation, and lysosomes, and the lysosomal Fe2+levels are reduced, which can result in potential ferroptosis and improved sensitivity to immunotherapy (Gentric et al., 2019). NOX4 encodes ROS-producing enzymes enriched in the kidney, where high expression is an essential source of renal ROS. Meanwhile, inhibition of NOX4 reduces the cystine deprivation-induced cell death and lipid ROS, suggesting its vital role in ferroptosis (Yang et al., 2019). TFAP2C plays an essential role in cell differentiation, tissue development, and tumor biology. TFAP2C upregulates the GPX4 gene in tumor cells and regulates some ferroptosis regulators, such as epidermal growth factor receptor (EGFR), CDKN1A, and YAP1, thereby negatively regulating ferroptosis (Dai et al., 2020). Mitochondria play a central role in fatty acid metabolism and provide specific lipid precursors for lipid oxidation. CS participates in mitochondrial lipid metabolism and regulates the activation and synthesis of fatty acids. Silencing CS can rescue cell viability from erastin-induced ferroptosis (Wang et al., 2020). ALOX12B encodes lipoxygenase, which is associated with autosomal dominant fish scale disease and proliferation of epidermoid carcinoma cells (Jiang et al., 2020). Glutathione-specific g-glutamyl cyclotransferase (CHAC1) is a downstream target of the eIF2alpha-ATF4 pathway, and CHAC1 upregulation may be useful as a Pharmacodynamic marker for cystine or cysteine-starved cells (Dixon et al., 2014). Overexpression of CHAC1 led to a robust depletion of glutathione, which was alleviated in a CHAC1 catalytic mutant. On activating the expression of ATF4 and CHAC1, the initial glutathione depletion by inhibiting cystine transport leads to ferroptosis (Ratan, 2020). In summary, numerous studies have shown that the above genes are related to ferroptosis, providing theoretical support for our risk model.
After establishing the ferroptosis-related risk model, our samples were divided into high-risk and low-risk groups according to the median risk score. We used statistical methods such as univariate and multivariate Cox regression analysis to show that the risk score model is an excellent independent prognostic indicator for evaluating the overall survival of melanoma patients. Subsequently, we developed a nomogram, combined with multiple clinical indicators and biological attributes, set up a personalized prognostic prediction scale, and quantified the risk of different individuals with numerous risk factors. In addition, we also analyzed the immune correlation between high- and low-risk groups and found that the risk score could indicate the relationship between prognosis difference and immune tissue infiltration, which could better guide the immunotherapy of SKCM.
Finally, our research also has certain limitations. As a retrospective study, it cannot fully contain all clinical data, so there will be some limitations in variable selection, which must be verified by selecting as many cohorts as possible. In addition, there should be prospective studies to further evaluate the clinical value of our model. Finally, a series of experiments should be carried out to explore the further evaluate the prognostic value of the eight ferroptosis-related gene signature.
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