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Background: The occurrence and development of skin cutaneous melanoma (SKCM) are significantly 
influenced by ferroptosis, a sort of regulated cell death characterized by iron deposition and lipid 
peroxidation. Although positive strides have been achieved in the present management of SKCM, it is still 
unknown exactly how ferroptosis occurs in this condition. We aimed to determine the role of prognostically 
relevant ferroptosis-related genes (PR-FRGs) in SKCM development and prognosis.
Methods: The training group was created using combined transcriptomic RNA data acquired from The 
Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression (GTEx) databases. The dataset GSE19234 
was acquired from the Gene Expression Omnibus (GEO) database as a validation group. Differentially 
expressed ferroptosis-related genes (DE-FRGs) were obtained from the training group, of which 103 showed 
up-regulation and 77 showed down-regulation. Then, 12 PR-FRGs were identified by the protein-protein 
interaction (PPI) network and Cox regression analysis, and prognostic risk models and nomograms were 
constructed. The risk model was validated using a validation group, and the prognostic value of the risk 
model was analyzed. Finally, immunohistochemical data were obtained from the Human Protein Atlas (HPA) 
website to validate the PR-FRGs.
Results: Twelve PR-FRGs were identified. A prognostic risk model was built using PR-FRGs, and 
patients in the training and validation groups were classified as high or low risk based on the risk model. 
The outcomes demonstrated that the prognosis was better for the low-risk group. Prognostic value analysis 
showed that the prognostic risk model could accurately predict the patients’ overall survival (OS), was 
superior to clinical traits such as age, gender, and tumor stage in predicting ability, and could be used as an 
independent predictor. Meanwhile, the nomogram constructed based on PR-FRGs can effectively predict 
the prognosis of SKCM patients. Finally, PR-FRGs were validated in the HPA database.
Conclusions: Ferroptosis affects the prognosis of SKCM patients. Prognostic risk model and nomogram 
constructed based on 12 PR-FRGs demonstrated significant advantages in predicting the prognosis of 
SKCM patients. This will help in the identification and prognostic prediction of SKCM and in the discovery 
of new individualized treatment modalities.
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Introduction

Skin cutaneous melanoma (SKCM) is the most severe 
form of skin cancer and is highly aggressive and lethal, 
accounting for more than 80% of all skin cancer deaths (1). 
The incidence of SKCM is increasing yearly, especially in 
the white population, and can be as high as 60/100,000 in 
Europe and the United States (2). The common cause is 
that long-term ultraviolet radiation causes gene mutations in 
melanocytes, and with the accumulation of gene mutations, 
disorders occur in cell proliferation, differentiation, 
apoptosis, and other functions, which ultimately lead to 
cancer (3). Most patients with early SKCM have a favorable 
prognosis after surgical treatment (4). However, advanced 
melanomas, especially those with distant metastases, can 
be fatal for patients. The treatment effect of advanced 
SKCM is highly unsatisfactory, ordinary chemotherapy is 
ineffective (5). In recent years, with the advent of immune 
checkpoint inhibitor (ICI) therapy and BRAF-targeted 
therapies, the prognosis for patients with stage III and IV 

SKCM has improved significantly, but unfortunately, the 
response is far from guaranteed (6). The search for reliable 
and accurate prognostic markers is critical to assess SKCM 
patients’ progression and improve their clinical prognosis. 
Traditional clinical and histopathological predictors do not 
apply to all patients with SKCM because of the significant 
heterogeneity and instability of the SKCM genome (7). The 
above study suggests that searching for potential prognostic 
markers at the gene expression level can help identify 
SKCM patients and improve the prognosis prediction 
ability to provide SKCM patients with more sensitive 
and specific risk level classification and more optimized 
individual-level treatment strategies.

Ferroptosis, a new form of regulatory cell death, is an 
emerging research hotspot. Unlike the common forms of 
autophagy, apoptosis, pyroptosis, and necrosis, ferroptosis 
is a cell death produced by excessive intracellular iron 
deposition and lipid peroxidation. Excessive intracellular 
iron deposition can lead to an increase in reactive oxygen 
species (ROS) or trigger lipid peroxidation, which can cause 
dysfunction of enzymes in the cell membrane, ultimately 
leading to alterations in the fluidity and permeability 
of the cell membrane (8,9). Tumor cells were found to 
evade other forms of cell death but maintain a persistent 
sensitivity to ferroptosis (10). For example, triple-negative 
breast cancer (TNBC) is the most difficult-to-treat breast 
cancer subtypes, with significant clinical and biological 
heterogeneity. However, it was found that TNBC maintains 
a high sensitivity to Ferroptosis-induced cell death, and 
Ferroptosis was found to promote tumor cell death through 
gene transcription levels and cellular metabolism (11). In 
addition, the ferroptosis sensitivity of non-small cell lung 
cancer (NSCLC) with epidermal growth factor receptor 
(EGFR) mutations was increased by inhibiting SLC7A11 
expression or decreasing cystine levels (12). Therefore, there 
is an increasing interest in killing tumor cells by modulating 
key targets of ferroptosis, an area full of potential.

Several prognostic models of SKCM have been identified 
in previous studies. A prognostic model constructed on 
the basis of 8 pyroptosis-related genes and clinical features 
demonstrated good prognostic predictive ability for 
SKCM patients (13). More conveniently and precisely, 
the prognosis of SKCM patients may be predicted using 
the prognostic model created by 7 autophagy-related 
genes (14). Shen et al. excellently predicted the prognostic 
survival of SKCM patients by using a prognostic risk model 
constructed by three immune-related lncRNAs (15). Recent 
relevant studies have also confirmed that prognostically 
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relevant ferroptosis-related genes (PR-FRGs) screened in 
SKCM, which have superior predictive ability to clinical 
traits, can serve as valuable predictors to predict the 
prognosis of SKCM patients and have shown encouraging 
results in predicting therapeutic targets in SKCM (16-18). 
The search for independent predictors is important for 
SKCM identification, prognosis prediction, and targeted 
therapy. Gene expression profiles, nomograms, and other 
models have been used as risk prediction tools to predict the 
prognosis of SKCM patients (2). Some progress has been 
made in the study of ferroptosis in SKCM, but it is still in 
its infancy. Therefore, in-depth exploration of the potential 
mechanism of ferroptosis in SKCM is of great value for the 
identification, prognostic assessment, and individualized 
treatment of SKCM.

In this work, we used screened PR-FRGs to create a risk 
model and nomogram and evaluated their impact on patient 
outcomes in combination with relevant clinical traits. At 
the same time, value analysis and verification demonstrated 
the prognostic risk model’s dependability. The whole study 
will contribute to identifying potential prognostic biological 
targets of SKCM in ferroptosis, which will help to improve the 
identification of SKCM and improve the survival prognosis 
of SKCM patients. We present this article in accordance with 
the TRIPOD reporting checklist (available at https://tcr.
amegroups.com/article/view/10.21037/tcr-24-1506/rc).

Methods

Data gathering and processing

This study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). The 473 
SKCM samples from the training group were downloaded 
from The Cancer Genome Atlas (TCGA) (https://
portal.gdc.carnec.gov/repository) platform, including 
transcriptome information and clinical data. Samples with 
complete clinical information were retained for prognostic 
analysis. Since only one normal skin sample was available 
at TCGA, the GTEx platform (https://xenabrowser.net/
datapages/) was used to collect 812 normal skin samples 
that were calibrated and merged with the TCGA data. The 
validation group GSE19234 dataset was received from the 
Gene Expression Omnibus (GEO, https://www.ncbi.nlm.
nih.gov/geo/) platform and included transcriptional data 
as well as clinical information from 44 SKCM patients. 
FRGs were downloaded from the ferrDb database (http://
www.zhounan.org/ferrdb) (19). Differentially expressed 

ferroptosis-related genes (DE-FRGs) between SKCM and 
normal skin tissues in the training group were obtained 
using the “limma” R package, with false discovery rate 
(FDR) <0.05 and |log2 fold change| ≥1 as the screening 
criterion (20).

Enrichment analysis

Gene Ontology (GO) and the Kyoto Encyclopedia of 
Genes and Genomes (KEGG) enrichment analyses were 
performed using the “clusterProfiler” R package (21) to 
characterize the biological functions and signaling pathways 
enriched by DE-FRGs. The criterion for analysis was 
defined as P<0.05.

Construct a protein-protein interaction (PPI) network

Through the STRING platform (http://www.string-db.
org/) (22), we mapped the PPI network of all SKCM DE-
FRGs and deleted the genes with node disconnection in 
the network diagram. Analysis and visualization of PPI 
networks using Cytoscape_v3.9.1 software (23).

Identification of SKCM prognostic risk model genes and 
model construction

Univariate Cox regression analysis and Kaplan-Meier analysis 
were conducted on DE-FRGs with a P<0.05 criterion in order 
to get the PR-FRGs of SKCM. We ended up with 35 PR-
FRGs. We then conducted multiple stepwise Cox regression 
analysis for these 35 PR-FRGs to determine their independent 
prognostic predictive ability. Detailed results of the multiple 
stepwise Cox regression analysis and clinical data are 
provided in the supplementary materials (Tables S1, https://
cdn.amegroups.cn/static/public/10.21037tcr-24-1506-1.
xls). Ultimately, we obtained 12 optimal PR-FRGs as 
independent prognostic predictors for SKCM patients. We 
then calculated regression coefficients and risk scores for each 
gene to assess patient outcomes. The calculation formula is 

( )n

1x
coefx Expgenex

=
×∑ . coef is the gene coefficient, Expgene 

is the gene expression. SKCM patients in the training and 
validation groups were separated into high- and low-risk 
groups according to median values.

Value assessment and validation of the prognostic model

The training group was the TCGA dataset, while the 
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validation group was GSE19234. R packages “survival” and 
“survminer” were used to draw the prognostic risk model’s 
survival curves and assess their prognostic value. Then, to 
assess how well this prognostic risk model predicted patient 
survival, we displayed the receiver operating characteristic 
(ROC) curves of the training and validation groups. 
Patients’ ROC curves over time (1, 3, and 5 years) were also 
plotted based on risk scores, and the area under the curve 
was calculated and used to predict patients’ overall survival 
(OS) over time. In addition, univariate Cox regression 
and multiple Cox regression analyses were performed on 
the clinical traits of patients in the training and validation 
groups, including age, gender, tumor stage, and risk 
score. Multivariate analysis was used to find independent 
clinical characteristics related to prognosis and to verify 
the predictive ability of the prognostic risk model for the 
prognosis of SKCM patients. At the same time, the ROC 
curve of clinical characteristics was drawn, and the accuracy 
of clinical traits as independent prognostic predictors was 
judged according to the area under the ROC curve (AUC) 
value of the curve. Nomogram can be used as an effective 
predictive tool for the prognosis of cancer or other health 
problems (24). Therefore, we constructed a nomogram 
based on the expression of the 12 PR-FRGs using “rms” 
and “survival” of the R package to predict the OS of SKCM 
patients at years 1, 3 and 5 and verified the stability of the 
nomogram by drawing calibration curves.

Analysis of expression levels of PR-FRGs

To determine the differences in mRNA expression of the 
12 PR-FRGs in normal skin tissues and skin cancer tissues, 
we reanalyzed the raw data obtained from the GTEx and 
TCGA databases. Meanwhile, the protein expression levels 
of PR-FRGs between normal skin and skin cancer were 
evaluated by immunohistochemical analysis on the Human 
Protein Atlas (HPA) website.

Statistical analysis

Data were analyzed using the software package R v.4.1.3. 
The Wilcoxon test compared the two groups’ differentially 
expressed genes (DEGs). Cox regression analysis was 
used to determine independent PR-FRGs and clinical 
factors. Forest plots were plotted using the R packages 
“survival” and “survminer”. The R packages “timeROC” 
and “survivalROC” were used to draw ROC curves. The 
criterion for statistical significance was set at P<0.05.

Results

Confirmation of DE-FRGs

The design of this study is shown in the flow chart of  
Figure 1. We merged the TCGA data with the GTEx 
data to obtain the training group, including 813 normal 
skin tissues and 472 SKCM tissues. A total of 180 DE-
FRGs were obtained by screening. Of these, 103 were up-
regulated and 77 were down-regulated. Their expression 
and enrichment were visualized by heat map and volcano 
plot (Figure 2A,2B).

Enrichment analysis

KEGG and GO enrichment analyses were performed 
to understand the potential biological functions of these 
180 DE-FRGs (Figure 3A,3B). KEGG results suggested 
that DE-FRGs were significantly enriched in lipid and 
atherosclerosis, chemical carcinogenesis-ROS, human 
cytomegalovirus infection, PPAR signaling pathway, 
ferroptosis, necroptosis, nod-like receptor signaling 
pathway, and other aspects. GO showed enrichment results 
in biological processes (BPs), such as fatty acid metabolic 
process, ROS metabolic process, long-chain fatty acid 
metabolic process, unsaturated fatty acid metabolic process, 
superoxide metabolic process, and superoxide anion 
generation. Regarding cellular components (CCs), it was 
enriched in apical part of cell, apical plasma membrane, 
peroxisome, microbody, organelle outer membrane, outer 
membrane, NADPH oxidase complex, etc. In terms of 
molecular functions (MFs), it was enriched in heme binding, 
tetrapyrrole binding, iron ion binding, oxidoreductase 
activity, acting on NAD(P)H, superoxide-generating 
NAD(P)H oxidase activity, oxidoreductase activity, acting 
on single donors with incorporation of molecular oxygen 
and so on. The above results suggest that DE-FRGs play a 
vital role in SKCM.

Selection of candidate prognosis-related genes and model 
construction

We acquired a total of 180 DE-FRGs. Next, the PPI 
network between DEGs was constructed to find the genes 
with interaction relationships. In this process, genes with 
disconnected interaction nodes were eliminated, and finally, 
a PPI network of 176 DE-FRGs was obtained, and a circle 
diagram was drawn. Interacting genes are connected by 
line segments (Figure 4A,4B). Next, we analyzed these  
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Figure 1 Flow chart of this study. FRGs, ferroptosis-related genes; GO, Gene Ontology; GTEx, Genotype-Tissue Expression; KEGG, 
Kyoto Encyclopedia of Genes and Genomes; PPI, protein-protein interaction; ROC, receiver operating characteristic; SKCM, skin 
cutaneous melanoma; TCGA, The Cancer Genome Atlas.

Figure 2 DE-FRGs in SKCM tissue and normal skin tissue. (A) Heat map. N refers to normal skin tissues, and T refers to SKCM tissue. 
(B) Volcano map (red represents high expression, green means low expression and black represents no difference in expression). DE-FRGs, 
differentially expressed ferroptosis-related genes; FC, fold change; SKCM, skin cutaneous melanoma.

176 DE-FRGs by univariate Cox regression and obtained 35 
PR-FRGs (Figure 5A). To obtain the optimal independent 
predictor genes associated with prognosis, we performed 
multiple Cox regression analysis and finally obtained 

12 PR-FRGs (Figure 5B). A prognostic risk model was 
constructed using these 12 PR-FRGs. The model formula 
is: Risk score = (−0.15895*ExpNOX4) + (0.31321*ExpFH) 
+  (−0 .47352*ExpARNTL )  +  (0 .26180*ExpEGFR ) 
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Figure 3 Enrichment analysis of DE-FRGs. (A) KEGG. (B) GO. BP, biological process; CC, cellular component; DE-FRGs, differentially 
expressed ferroptosis-related genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; MF, molecular function.

+  (0 .15689*ExpGJA1 )  +  (0 .25809*ExpSESN2 )  + 
(0.23066*ExpKIF20A) + (−0.26474*ExpTRIM21) + 
(0.35484*ExpSUV39H1) + (−0.29347*ExpTMSB4X) + 
(0.26953*ExpUSP35) + (0.15503*ExpCYBB). Finally, the 
median value of the risk score was used to separate the 
SKCM patients in the training and validation groups into 
high- and low-risk groups.

Prognostic value analysis and validation of risk model

Based on the risk scores, we plotted the risk curves of the 
patients in the training group and a scatterplot of survival 
status (Figure 6A,6B). As shown, the patient’s risk score 
rises in order from left to right. The number of patients 
who died gradually increased as their risk score increased. 
We also mapped the heat map of the expression of 12 PR-
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B

A

Figure 4 Interaction network of DE-FRGs. (A) PPI network. (B) Visualization circle diagram of the PPI network. Red represents up-
regulated genes, and green represents down-regulated genes. Blue line segments represent genes with interaction relationships. DE-FRGs, 
differentially expressed ferroptosis-related genes; PPI, protein-protein interaction.
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Figure 5 Screening of PR-FRGs and the construction of the risk model. (A) PR-FRGs were obtained by univariate Cox regression analysis. 
(B) PR-FRGs for constructing risk model obtained by multiple Cox regression analysis. CI, confidence interval; PR-FRGs, prognostically 
relevant ferroptosis-related genes. 

FRGs in the training group (Figure 6C) and discovered 
that while the expression of genes like NOX4, ARNTL, and 
CYBB was lowered in the high-risk group, the expression of 
genes like EGFR, USP35, and GJA1 was enhanced in this 
group. Figure 6D illustrates the survival curves for patients 
in the high and low-risk groups, with patients in the low-
risk group having a higher survival rate. To observe the 
accuracy of the risk model in predicting patient survival, 
we constructed the ROC curve of the risk model, and the 
AUC value of the curve was 0.763 (Figure 6E). Based on the 
patient’s risk scores, we also plotted the ROC curves over 
time, which showed that the AUC values for the 1-, 3-, and 
5-year curves were 0.759, 0.708, and 0.740, respectively 

(Figure 6F). This suggests that risk models have good 
accuracy in predicting patient survival.

Next, to validate the accuracy of the risk model, we 
validated it with an external dataset, GSE19234, and 
obtained the same results. Low-risk SKCM patients had a 
superior survival prognosis (Figure 7A,7B). The heat map 
of the PR-FRGs expression trend in the validation group 
was similar to the results in the training group (Figure 7C). 
In the survival curve of the GSE19234 dataset, high-risk 
SKCM patients had lower survival rates than those at low-
risk (Figure 7D). Meanwhile, the risk model constructed to 
predict the survival of the patients in the validation group 
had good accuracy, and the AUC value of the ROC curve 



Translational Cancer Research, Vol 14, No 3 March 2025 1865

© AME Publishing Company.   Transl Cancer Res 2025;14(3):1857-1873 | https://dx.doi.org/10.21037/tcr-24-1506

Figure 6 Validation of the risk model in the training group. (A) Plot of risk scores. (B) Scatterplot of survival status. (C) Heat map of PR-
FRGs distribution in the high and low-risk groups. (D) Kaplan-Meier curves for high and low-risk groups. (E) ROC curves for assessing 
risk model accuracy. (F) The ROC curve was used to evaluate the overall survival of SKCM patients at 1, 3, and 5 years. AUC, area under 
the ROC curve; PR-FRGs, prognostically relevant ferroptosis-related genes; ROC, receiver operating characteristic; SKCM, skin cutaneous 
melanoma.
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Figure 7 Validation of the risk model in the validation group. (A) Plot of risk scores. (B) Scatterplot of survival status. (C) Heat map of PR-
FRGs distribution in the high and low-risk groups. (D) Kaplan-Meier curves for high and low-risk groups. (E) ROC curves for assessing 
risk model accuracy. (F) The ROC curve was used to evaluate the overall survival of SKCM patients at 1, 3, and 5 years. AUC, area under 
the ROC curve; PR-FRGs, prognostically relevant ferroptosis-related genes; ROC, receiver operating characteristic; SKCM, skin cutaneous 
melanoma.

obtained was 0.834 (Figure 7E). Moreover, the ROC results 
showed that the AUC values of the validation group’s 1-, 
3-, and 5-year OS were 0.836, 0.712, and 0.796 (Figure 7F).  
The above results suggest that the risk model we have 
constructed is of good prognostic value, both through the 

internal dataset and the external validation data.

Clinical correlation analysis

To determine whether the risk model can predict patient 
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Figure 8 Correlation analysis of clinical traits. (A) Analysis of univariate Cox regression for clinical traits in the training group. (B) Analysis 
of multiple Cox regression for clinical traits in the training group. (C) Analysis of univariate Cox regression for clinical traits in the validation 
group. (D) Analysis of multiple Cox regression for clinical traits in the validation group. (E) ROC curves for clinical traits in the training 
group. (F) ROC curves for clinical traits in the validation group. AUC, area under the ROC curve; ROC, receiver operating characteristic. 

survival independently of other clinical traits, we analyzed 
the age, sex, stage, and risk model of SKCM patients with 
univariate Cox regression and multiple Cox regression. 
We found that age, stage, and risk score could be used 
as independent prognostic predictors in the training 
group (Figure 8A,8B). Two meaningful clinical traits, 
stage and risk score were obtained in the validation group  
(Figure 8C,8D). Combining the training and validation 
groups results, we believe that the stage and risk model can 

be used as independent prognostic factors to predict patient 
survival. In order to verify the accuracy of clinical traits 
as independent prognostic factors in predicting patient 
outcomes, ROC analysis of clinical traits was performed. 
In the training group, AUC values for the risk model and 
stage were 0.708 and 0.656, respectively (Figure 8E). In the 
validation group, the AUC values for the risk model and 
stage were 0.712 and 0.602, respectively (Figure 8F). The 
above results illustrate that the risk model and stage can 
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Figure 9 Plotting of nomogram and calibration curves. (A) Nomogram was established to predict the 1-, 3- and 5-year OS of SKCM 
patients based on PR-FRGs expression and total score. (B) Calibration curve. OS, overall survival; PR-FRGs, prognostically relevant 
ferroptosis-related genes; SKCM, skin cutaneous melanoma.

be used as independent prognostic factors to predict the 
prognosis of SKCM patients. Moreover, the risk model was 
superior to other clinical traits in predicting patient survival.

Establishment of nomogram based on PR-FRGs

Based on the 12 PR-FRGs, we constructed a nomogram 
model. With this nomogram, we can more intuitively observe 
the relationship between the expression of PR-FRGs and 
the survival status of patients at the corresponding time 
(Figure 9A). Based on the expression of these 12 PR-FRGs, 
we obtained the related total scores, and based on the total 
scores, we went on to predict the survival rate of the patients 
at the corresponding times (1, 3, 5 years). Calibration curves 
also verified the accuracy of the nomogram in predicting OS 

(Figure 9B). We found that the survival curves for patients at 
1, 3, and 5 years were very close to the calibration curves of  
45 degrees. This suggests that the nomogram we used to 
predict OS in SKCM patients is of good accuracy.

Confirmation of PR-FRGs expression levels

After our search, we found protein expression results for 
9 of these PR-FRGs on the HPA website. We compared 
the mRNA expression levels of PR-FRGs in normal and 
tumor tissues and found that the expression of EGFR, 
GJA1, TMSB4X was decreased in tumor tissues, while 
the expression of FH, SESN2, KIF20A, TRIM21, USP35, 
CYBB was elevated (Figure 10A). To our surprise, except 
for CYBB, which showed low protein expression in both 
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Figure 10 Analysis of PR-FRGs expression. (A) The mRNA expression of PR-FRGs. (B) Representative immunohistochemistry images 
of FH, EGFR, GJA1, SESN2, KIF20A, TRIM21, TMSB4X, USP35, and CYBB in both normal skin tissue and skin cancer tissue sourced 
from the Human Protein Atlas database (https://www.proteinatlas.org/). Image credit goes to the Human Protein Atlas. The links to 
the individual normal and tumor tissues of each protein are provided for FH (https://www.proteinatlas.org/ENSG00000091483-FH/
tissue/skin#img; https://www.proteinatlas.org/ENSG00000091483-FH/cancer/skin+cancer#img), EGFR (https://www.proteinatlas.org/
ENSG00000146648-EGFR/tissue/skin#img; https://www.proteinatlas.org/ENSG00000146648-EGFR/cancer/skin+cancer#img), GJA1 
(https://www.proteinatlas.org/ENSG00000152661-GJA1/tissue/skin#img; https://www.proteinatlas.org/ENSG00000152661-GJA1/
cancer/skin+cancer#img), SESN2 (https://www.proteinatlas.org/ENSG00000130766-SESN2/tissue/skin#img; https://www.proteinatlas.
org/ENSG00000130766-SESN2/cancer/skin+cancer#img), KIF20A (https://www.proteinatlas.org/ENSG00000112984-KIF20A/tissue/
skin#img; https://www.proteinatlas.org/ENSG00000112984-KIF20A/cancer/skin+cancer#img), TRIM21 (https://www.proteinatlas.org/
ENSG00000132109-TRIM21/tissue/skin#img; https://www.proteinatlas.org/ENSG00000132109-TRIM21/cancer/skin+cancer#img), 
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normal and tumor tissues, the protein expression of 
the other PR-FRGs in both normal and tumor tissues 
was consistent with the trend of mRNA expression  
(Figure 10B). This suggests that PR-FRGs can be used to 
construct prognostic risk model.

Discussion

SKCM is the malignant tumor with the highest frequency 
of gene mutations, highly aggressive and very easily 
metastasized, of which the mutated genes of most interest 
are the oncogene BRAF and the tumor suppressor gene 
CDKN2A (25). Mutations in BRAF and CDKN2A will 
contribute to SKCM cell proliferation and escape from 
apoptosis (26). Compared with the traditional TNM 
staging and clinical traits, predicting prognosis by studying 
individualized genomic biomarkers in SKCM patients has 
become a current research hotspot (27,28). Indeed, the 
biological behavior and subsequent clinical behavior of 
each SKCM patient can be better predicted by genomic 
technology, and even the changes in the molecular level 
of tumor cells and the tumor microenvironment can be 
dynamically observed during the development of SKCM, 
so as to achieve individualized treatment for SKCM 
patients (27).

In our study, we obtained 180 FRGs differentially 
expressed in normal skin tissues and SKCM tissues and 
performed enrichment analysis of their pathways and 
functions. Results showed that DE-FRGs were significantly 
enriched in fatty acid and ROS, heme and iron ion binding, 
and regulation of oxidoreductase activity. These results 
demonstrated that DE-FGRs promoted the occurrence 
of ferroptosis in tumor cells by affecting iron metabolism 
and ROS production. Next, through the screening of the 
PPI network and Cox regression analysis, we got 12 PR-
FRGs markers and constructed a prognostic risk model. 
Survival analysis was performed on the risk model, and 
it was found that patients in the low-risk group achieved 
better prognostic survival. ROC analysis validated the 
accuracy of the risk model and the patient survival analysis 
results, which showed that the risk model we constructed 

demonstrated excellent predictive ability. Similarly, 
our risk model also showed encouraging results in the 
validation group. Next, to explore which factors can serve as 
independent predictors related to prognosis, we performed 
Cox regression on the clinical traits as well as the risk model 
in the training and validation groups, and the results showed 
that the risk model, as well as the tumor stage based on 
TNM staging, can serve as independent prognostic factors 
to predict the clinical prognosis of patients. Interestingly, 
the risk model has better predictive ability than other 
clinical traits. This is supported by the findings of the ROC 
curves for clinical traits. We next constructed a nomogram 
by integrating the expression of 12 PR-FRGs, which will 
help to make an optimal prediction of the prognosis of 
SKCM patients. In our constructed nomogram, the scoring 
of each gene marker was obtained by the transcript levels of 
12 PR-FRGs, and the total score was calculated, and then 
the OS of the patients at year 1, 3, 5 was obtained based 
on the total score. Finally, calibration curves were used to 
confirm the nomogram’s accurateness.

It is an up-and-coming field for treating organ ischemia-
reperfusion injury, drug-resistant malignant tumors, and 
degenerative diseases related to lipid peroxidation by 
regulating ferroptosis (9,29). Tumors susceptible to drug 
resistance and high malignancy have a very high chance 
of ferroptosis because they have a higher metabolic and 
ROS burden (30). Ferroptosis has been revealed to have 
a crucial growth-regulating function in malignancies like 
ovarian cancer, hepatocellular carcinoma, pancreatic cancer, 
and renal cell carcinoma in recent research (31). Little is 
known, however, regarding the mechanism of ferroptosis 
in SKCM. Regulation of related genes has been shown to 
have an essential role in ferroptosis. For example, mutant 
p53 inhibits cystine uptake and increases sensitivity to 
ferroptosis by suppressing the expression of SLC7A11 (32). 
The resistance of hepatocellular carcinoma cells to sorafenib 
could be reversed by down-regulating the expression of 
MT1G, which promotes the occurrence of ferroptosis in 
tumor cells (33).

We constructed a risk model composed of 12 FRGs, 
which have been reported in previous oncology studies  

TMSB4X (https://www.proteinatlas.org/ENSG00000205542-TMSB4X/tissue/skin#img; https://www.proteinatlas.org/ENSG00000205542-
TMSB4X/cancer/skin+cancer#img), USP35 (https://www.proteinatlas.org/ENSG00000118369-USP35/tissue/skin#img; https://www.
proteinatlas.org/ENSG00000118369-USP35/cancer/skin+cancer#img), and CYBB (https://www.proteinatlas.org/ENSG00000165168-
CYBB/tissue/skin#img; https://www.proteinatlas.org/ENSG00000165168-CYBB/cancer/skin+cancer#img), respectively. Scale bar, 100 μm. 
PR-FRGs, prognostically relevant ferroptosis-related genes.
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(34-36). Down-regulation of NOX4 expression can inhibit 
the adhesion and metastasis of gastric cancer cells via the 
JAK2/STAT3 pathway (37). Mutations in FH, the gene 
encoding fumarate hydratase, can lead to rare renal cell 
carcinoma (38). As an oncogene, the up-regulation of 
SUV39H1 in renal cell carcinoma inhibits the expression 
of DPP4, the regulator of ferroptosis, thus contributing 
to the escape of tumor cells from the killing effect of  
ferroptosis (39). ARNTL, a biological clock protein that 
regulates circadian rhythms and is closely related to cancer, 
can be selectively degraded by autophagy-dependent 
pathways in response to GPX4 inhibitors, which in turn 
initiates the ferroptosis pathway in tumor cells (40). The 
EGFR mutation can lead to treatment resistance in people 
with NSCLC. However, the combination of β-elemene 
and erlotinib induces ferroptosis in cells targeting EGFR 
by up-regulating the expression of lncRNA H19 (41). In 
addition, GJA1 has been found to have elevated expression 
in lung cancer patients, and MiR-613 can inhibit it as a 
target gene, increasing lung cancer cells’ sensitivity to 
cisplatin (42,43). Stress proteins expressed by SESN2 
are induced by inflammation, autophagy, and oxidative 
stress, exert protective effects on the body, and regulate  
ferroptosis (44). Overexpression of KIF20A inhibits the 
occurrence of ferroptosis in colon cancer and then promotes 
tumor cells to Oxaliplatin resistance through the GSK3β/
Nrf2 pathway, making KIF20A a promising biological target 
for the treatment of drug resistance in colon cancer (45).  
TRIM2A is extensively involved in the ferroptosis process 
in human cancers. It negatively regulates ferroptosis by 
ubiquitinating K63 on FSP1, which is promising as a new 
therapeutic target for chemotherapeutic agents (46). Studies 
have shown that TMSB4X plays a fundamental role in 
the development of melanoma and glioblastoma, and the 
Thymosin β4 encoded by TMSB4X has a critical regulatory 
role in cell adhesion and migration (47,48). TMSB4X 
is promising as a new therapeutic target. In addition, 
CYBB, which is highly expressed in glioblastomas, also 
exhibits resistance to ferroptosis through the Nrf2/SOD2 
pathway (49). USP35-encoded deubiquitinase regulates 
the proliferation and migration of lung cancer cells and 
is widely expressed in lung cancer tissues. Knockdown 
of USP35 promoted cancer cell ferroptosis and inhibited 
cancer cell growth and metastasis (50). Similar results were 
also found in renal cell carcinoma, but the role of USP35 in 
SKCM was not investigated (51). The above results indicate 
that these 12 PR-FRGs can be used to construct prognostic 
risk models and perform well in the prognostic analysis of 

SKCM patients.

Conclusions

In conclusion, we constructed a prognostic risk model 
with 12 PR-FRGs. Through the analysis of the prognostic 
value of the prognostic risk model and the validation of 
the GSE19234 dataset, we found that the prognostic risk 
model does indeed serve as a good and stable independent 
predictor. In addition, the nomogram constructed based 
on the expression of 12 PR-FRGs also showed significant 
advantages in predicting the prognostic survival of patients. 
These findings will help us to identify new prognostic-
related markers that can contribute to better identification 
and individualized treatment for SKCM patients, thus 
improving the clinical prognosis and enhancing the quality 
of life of SKCM patients.
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